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Abstract

Highway pavement is a critical component of the highway transportation infrastructure.
After the construction of a pavement system, pavement condition will deteriorate over time due
to a combination effect of material aging, traffic loading, and environmental impact. To restore
the pavement performance and to reduce its adverse effects on public users and environment,
asphalt overlay activities are conducted frequently during the service life of a pavement. As a
key component that bridges the overlay policies with future pavement performance, economic
cost and environmental impact, the forecast accuracy of post-overlay pavement performance
model is extremely important. However, most of previous studies did not consider the effect of
endogenous overlay design and continuous asphalt overlay thickness on the initiation of
pavement distresses and roughness progression in their pavement performance models. To fill
the research gap, a series of post-overlay distress initiation models and post-overlay roughness
progression models were proposed with integrated asphalt overlay projects from the long-term
pavement performance (LTPP) Specific Pavement Study (SPS-3 and SPS-5) and General
Pavement Study (GPS-6) programs. Then, the life-cycle environmental and economic impacts of
different overlay strategies were evaluated by incorporating the proposed post-overlay roughness
model in the integrated LCA-LCCA framework. Based on the analysis results, endogenous
asphalt overlay design and continuous asphalt overlay thickness were validated to have a
significant effect on post-overlay roughness progression and distress initiation, which should not
be ignored in scheduling pavement maintenance and rehabilitation (M&R) activities.

viii

Chapter 1: Introduction

1.1 Research Background
Infrastructure is a public facility system that provides for the delivery of essential
services [1]. Based on the primary function and service of infrastructure facilities, infrastructure
types can be categorized into transportation, water, waste management, energy production and
distribution, building, recreation facilities, and communication [2]. Transportation infrastructure
is a critical component of public works, including ground transportation (e.g., highways, bridges,
tunnels, and railways), air transportation, waterways and ports, intermodal facilities, mass transit,
and pipelines. Road networks represent the largest public infrastructure investment in the United
States at a cost of more than $175 trillion [2]. The United States has more than 4.3 million
kilometers of paved roads, and 94% of them are surfaced with asphalt [3, 4]. Asphalt pavement
is also called flexible pavement since its overall layered structure bends significantly under
traffic loads. The relationship between flexible pavement and infrastructure facility is shown in
Figure 1.1.

Figure 1.1 Relationship between flexible pavement and infrastructure facility
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Flexible pavement is a multi-layer structure that typically consists of surface course,
binder course, base course, subbase course, and compacted subgrade. The typical cross section of
flexible pavement structure is shown in Figure 1.2. As a major component of road transport
infrastructure, flexible pavement has important social, economic, and environmental impacts to
the society. In additional to having adequate structural capacity to sustain repetitive traffic
loading over its design life, a good flexible pavement must support the movement of people and
goods in a safe, effective, comfortable, and economic manner.

Figure 1.2 Typical cross section of flexible pavement structure [5]
After a flexible pavement system is constructed, its condition would deteriorate over time
due to a series of factors, including asphalt material aging, traffic loading, and environmental
impact. When the pavement condition reduces to a certain level, different types of pavement
distresses would appear on the surface. The common types of flexible pavement distresses are
shown in Figure 1.3. Fatigue cracking, which is considered one of the most critical distresses in
flexible pavement, occurs in areas subjected to repeated traffic loadings. Longitudinal cracks
occur parallel to the centerline of the pavement and could be load-related as appearing in wheel
paths or due to poor construction of longitudinal joints as appearing in non-wheel paths.
Transverse cracks that occur roughly perpendicular to the centerline of the pavement could be
caused by thermal contraction of asphalt surface or reflection of existing underlying cracks.
Rutting is a longitudinal surface depression in the wheel path and could be caused by lateral
2

plastic movement of asphalt materials due to traffic load, particularly in hot weather. Bleeding is
black and shiny surface film of asphalt on the pavement surface as a result of upward movement
of asphalt binder. Raveling is a progressive disintegration of an asphalt layer from the surface
downward because of dislodgement of aggregate particles. With the increase of pavement
distresses, pavement serviceability and smoothness may reduce [6]. As pavement smoothness
reduces, vehicle operating cost (e.g., extra fuel consumption, vehicle repair and maintenance, and
tire wear) and corresponding environmental impact would increase significantly [7-10].

Figure 1.3 Common types of flexible pavement distresses [11]
To address pavement distresses and restore pavement serviceability, pavement
maintenance and rehabilitation (M&R) activities are typically implemented. Common M&R
techniques for flexible pavements include crack sealing, micro-surfacing, slurry seal, double chip
seal, and asphalt overlay. To aid transportation agencies in allocating funds and planning M&R
activities for their road facilities, a pavement management system (PMS) is necessary as a
decision-support tool. A typical PMS includes the following tasks: (1) inspecting pavement and
collecting data; (2) predicting future pavement performance; and (3) optimizing pavement M&R
policies over the planning horizon [12], as illustrated in Figure 1.4. The PMS decision making
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can be distinguished at two levels: network and project. At the project level, the PMS can help to
determine the optimum M&R policy with individual highway section data, while at the network
level the PMS can be used to address the need for trade-offs in project selection over a network
of pavements [13].

Figure 1.4 Basic PMS components [2]
Pavement performance models are essential to the PMS at both the project and network
levels. Pavement performance models can be used for the following activities: (1) forecasting
future pavement performance, (2) identifying the appropriate timing for pavement M&R actions,
(3) demonstrating the consequences of different pavement M&R policies [14, 15]. Pavement
deterioration is usually treated as a complicated and latent process, which means it is not directly
quantifiable from surface observation. Therefore, pavement performance indicators are
commonly used to measure pavement deterioration from various perspectives, such as
international roughness index (IRI), fatigue cracking area, rutting depth, longitudinal cracking
length, the number of transverse cracks. The IRI is one of the most common ways of measuring
smoothness in managing pavements. The IRI is calculated from simulation of the vertical
responses of a quarter car model traveling at 80km/h (50 mph) on the measured longitudinal
profile of a pavement, and is expressed as a ratio of the accumulated suspension motion of the
car to the distance travelled [16]. The commonly recommended units for IRI are meters per
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kilometer (m/km) or inches per mile (inches/mile). A pavement performance model describes the
pavement deterioration process over time by developing the relationship between one or more
selected pavement performance indicators and a set of contributing factors (e.g., pavement age,
structural characteristics, material properties, traffic loads, and climate factors).
For decision-making part of the PMS, life-cycle analysis is conducted to quantify the
effect of different M&R policies over a certain time period. Two typical methods of life-cycle
analysis are life-cycle cost analysis (LCCA) and life-cycle assessment (LCA). The LCCA is a
tool that is commonly used by transportation agencies to determine the most cost-effective M&R
policy. The LCA is an approach for determining the environmental sustainability of a system
from cradle to grave [17].
1.2 Problem Statement
In the United States, more than 91% of paved roads were constructed before 2000 [3].
Due to long-term pavement deterioration and insufficient investment in road infrastructure, the
American Society of Civil Engineering (ASCE) has awarded overall grades of D-, D, and D+ to
the condition of U.S. roads in all six report cards issued from 1998 to 2017 [18]. Recently, the
Federal Highway Administration (FHWA) estimated that $170 billion in capital investment
would be needed each year to significantly improve road conditions and performance [19]. A
large portion of this investment would be needed for pavement M&R, in which asphalt overlay is
the most predominant activity.
Given a huge amount of annual investment and large inputs of energy and natural
resources in asphalt overlay projects, significant budget savings and environment benefits may
be achieved by selecting optimal asphalt overlay policies. In practice, traditional selection of
optimal asphalt overlay policy is primarily determined based on cost optimization with the
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LCCA [20, 21]. However, the environmental impact of asphalt overlay activities over analysis
period is usually ignored.
In addition, as a key component that bridges overlay policies with future pavement
performance, life-cycle cost, and environmental impact, the forecast accuracy of post-overlay
pavement performance models is extremely important. Transportation agencies can achieve
significant budget savings and environmental benefits through timely intervention and accurate
planning by reducing the prediction error of pavement performance models [22]. However, due
to complexity in pavement deterioration mechanism and difficulty in data compilation and
statistical methods, the challenge of developing a sound pavement performance model has
existed since the advent of the PMS.
1.3 Research Objective
The purpose of this research is to guide transportation agencies to select cost-effective
and eco-friendly asphalt overlay policies at the project level with post-overlay pavement
performance models and life-cycle analysis. To be specific, three questions are addressed: (1)
how to quantify the effect of asphalt overlay design on post-overlay pavement distress initiation?
(2) how to quantify the effect of asphalt overlay design on long-term pavement roughness
progression? (3) how to evaluate the effect of different asphalt overlay polices on economic cost
and environmental impact over the analysis period?
1.4 Dissertation Structure
The structure of the dissertation is illustrated in Figure 1.5. A brief introduction of each
chapter is listed as follows.
Chapter 2 exhibits a comprehensive literature review of previous studies on pavement
performance data, general pavement performance models, post-overlay pavement roughness
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progression models, post-overlay pavement distress forecast models, pavement life-cycle cost
analysis, and pavement life-cycle assessment. Based on the literature review, research gaps of
post-overlay pavement performance modeling and pavement life-cycle analysis are identified.

Figure 1.5 Structure of the dissertation
Chapter 3 develops a series of post-overlay pavement distress initiation models with
random parameters hazard-based duration models. The effects of asphalt overlay design on the
occurrence of fatigue cracking, wheel-path longitudinal cracking, non-wheel path longitudinal
cracking, transverse cracking, and severe rutting (rut depth greater than 10 mm) are evaluated
with the consideration of right-censored data and unobserved heterogeneity.
Chapter 4 quantifies the effects of asphalt overlay design on as-built pavement roughness
and post-overlay roughness progression rate. In the chapter, a random coefficients panel data
model with autocorrelation is firstly proposed to address endogenous overlay design issue,
unobserved heterogeneity issue, and serial correlation issue.
Chapter 5 evaluates the effects of asphalt overlay policies on life-cycle costs and
environmental impact with the integrated LCCA-LCA approach. The proposed post-overlay
pavement performance models are incorporated to the life-cycle analysis.

7

Chapter 6 summarizes the major findings of the proposed post-overlay pavement
performance models and life-cycle analysis, and provides several recommendations on future
work.

8

Chapter 2: Literature Review

In this chapter, an extensive literature review was conducted to identify the potential
research gaps in post-overlay pavement performance models and sustainable asphalt overlay
policy making. Previous studies focusing on general flexible pavement performance models,
post-overlay flexible pavement performance models and overlay-related pavement life-cycle
analysis were selected, reviewed, and summarized in the following sections.
2.1 Pavement Performance Data
Based on the literature review, pavement performance data used for performance
modeling in previous studies can be classified into two groups: (1) accelerated pavement testing
data, such as AASHO road test data [23-25]; (2) field survey data, such as FHWA long-term
pavement performance (LTPP) data [26, 27] and state Department of Transportation (DOT)
pavement condition survey (PCS) data [12]. Characteristics of the two types of pavement
performance data are illustrated as follows.
2.1.1 Accelerated Pavement Testing Data
Accelerated pavement testing is a controlled application of realistic wheel loading to a
pavement system. To simulate long-term, in-service loading conditions within a limited test
period, the loading environment for test pavement sections would be changed in terms of the
frequency of loading passes, axle loads, pavement temperature, and pavement moisture content.
Since accelerated pavement testing data do not account for the long-term environmental effects
and actual mixed-traffic loading behavior, it may not reflect the real deterioration mechanism of
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in-service pavements. In addition, due to budget constraints, the number of pavement sections
considered in the accelerated pavement testing is limited, which may not fully reflect various
pavement scenarios.
2.1.2 Pavement Condition Survey Data
Pavement condition survey data are collected from existing pavements by transportation
agencies periodically, usually annually. Long-term condition survey data for multiple roadway
sections are panel data, which can capture performance evolution with time and incorporate
contributing factors associated with performance variations across different pavement sections.
The FHWA LTPP pavement sections were specially selected to cover a wide range of
environmental and traffic conditions, as well as various combinations of subgrade type and
overlay material [28]. Although the LTPP pavement sections are spread across various states, all
sections have been monitored by means of the same standards. In addition, the LTPP program
has been collecting pavement condition data for more than 25 years. Thus, the LTPP database is
a suitable source of data for developing pavement performance models. Due to its
representativity in climate regions, the LTPP database is better than state level data in evaluating
the effect of climate factors on long-term pavement performance.
2.2 General Pavement Performance Models
Pavement is a complex physical structure responding in a complex way to the influence
of potential contributing factors and their interactions. A sound pavement performance model
should incorporate: (1) relevant variables that affect pavement deterioration process; (2) physical
principles that reflect deterioration mechanism; and (3) rigorous statistical approaches to
estimating the model [29]. For implementation within a pavement management system to be
feasible, the predictive pavement performance models should only utilize parameters that can be
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measured physically and obtained within the budgetary and human resources of transportation
agencies [30]. In general pavement performance models, the effects of asphalt overlay design on
future pavement performance are usually ignored. However, previous studies of general
pavement performance models can provide a reference for future post-overlay pavement
performance modeling.
Based on the literature review, general pavement performance models in previous studies
can be classified into two major groups: (1) mechanistic-empirical models, such as performance
models in Mechanistic-Empirical Pavement Design Guide (MEPDG) [6]; (2) empirical models,
such as performance models in American Association of State Highway and Transportation
Officials (AASHTO) guide for design of pavement structures [5]. In general, both model types
are empirical, since they are developed with statistical methods. The major difference between
these two types of models is that the empirical models are based solely on material, structural,
traffic, and climate factors, while mechanistic-empirical models incorporate some type of
pavement mechanistic response as an input variable in the estimation of pavement roughness and
distress.
2.2.1 Mechanistic-Empirical Models
Mechanistic-empirical models use mechanistic principles to transform loading, structural
information, material characteristics, and environmental variables into expected stresses, strains,
and deflections in the pavement structure (mechanistic component), which in turn, are related to
distress levels by means of statistical models (empirical component) [31]. The calibration of
mechanistic models to actual pavement performance is usually done by applying a bias
correction factor [32]. The typical mechanistic-empirical pavement performance models are the
MEPDG models, whose parameters were estimated mainly by means of ordinary least squares
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(OLS) [6]. In the MEPDG pavement roughness progression model, the IRI at any given time is
predicted through a function of initial IRI, pavement age, variation of rut depths, total length of
transverse cracks, length of moderate and highly severe longitudinal cracks, area of wheel path
fatigue cracking, area of block cracking, and site factor. The site factor is used to account for the
change of roughness caused by the shrinking or swelling soils and frost heave conditions.
Pavement distresses defined in the IRI model need to be firstly estimated by means of separate
performance models.
In 2011, to correct the omitted-variable bias and the endogeneity bias, Aguiar-Moya et al.
improved the MEPDG roughness progression model by means of random effects linear
regression and instrumental variable (IV) approach with the LTPP panel data [26]. They
indicated that accounting for possible bias in the data can lead to considerable changes in the
effects of different parameters affecting IRI through time. The predicting power increased
significantly when both instrumental variable and panel data techniques were incorporated in
modeling roughness progression.
However, because of the large amount of data that the mechanistic-empirical pavement
performance models require, they are too expensive and difficult to be used in a pavement
management system in practice [33].
2.2.2 Empirical Models
In empirical models, to simulate the actual pavement deterioration process, function form
and specification (i.e., choice of independent variables) are selected based on pavement
deterioration mechanism and the model parameters are estimated with empirical data and
statistical techniques [12]. Unlike mechanistic-empirical models, due to the absence of pavement
response models, empirical models require a small set of variables, which is suitable for
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pavement management practices [12, 34]. The typical empirical pavement performance model is
highway design and maintenance standards model (HDM-III), which was developed by the
World Bank [7]. In the case of empirical models, more sophisticated statistical methods can be
applied to account for the different types of data and outputs [35]. The statistical methods used
for developing empirical pavement performance models can be distinguished into four groups:
(1) artificial neural networks, (2) regression models, (3) survival models, and (4) Markov
models. The previous studies on general pavement performance modeling are summarized in
Table 2.1. The detailed literature review on previous studies are illustrated as follows.
2.2.2.1 Artificial Neural Networks
Artificial neural networks (ANN) consist of algorithms that could be implemented in
solving complex nonlinear models. For ANN models, contributing factors of pavement
performance are used as input variables (input layer) to develop a function (hidden layer) that is
supposed to predict the future pavement performance (output layer). For all data records, some of
them are randomly selected for training of the neural network and some are kept as a test data
set. The model is developed through training of the neural network using the training dataset and
then validated with the test dataset. The objective of training is to make the weights to converge
to some values that will produce target output values. A transfer function is used to calculate the
output from separate layers given the weights, biases, and inputs. The neural network is usually
built with a multilayer feed forward architecture and trained using the backpropagation (BP)
algorithm [36]. The general pavement performance models developed with the ANN methods
are summarized as follows.
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Table 2.1 Previous studies on general pavement performance modeling
Category

Artificial
Neural
Networks

Regression
Models

Method

Reference

Performance
Indicator

Sample
Data

Major
Finding

Supervised
Learning

1994 [36]

IRI

Simulated
HDM-III
Model Data

Pavement roughness progression is a function of modified
structural number, incremental traffic loadings, and surface
defects.

Supervised
Learning

2003 [37]

Crack/Ride/Rut Rating,
Pavement Condition
Rating (PCR)

Florida PCS
Data

ANN models are more accurate than the traditional regression
models in forecasting future pavement condition.

Supervised
Learning

2005 [38]

IRI

Indiana PCS
Data

Pavement roughness progression is a function of initial IRI,
pavement age, freeze index, annual precipitation, and traffic
volume.

Supervised
Learning

2006 [39]

IRI

LTPP Data

The relative contribution of structural factors, climate, and
cumulative traffic on IRI progression are about 49%, 31%, and
20%, respectively.

Gene
Expression
Programming

2016 [40]

IRI

LTPP Data

Pavement roughness progression is a function of cumulative
traffic, structural number, and pavement age.

Nonlinear
Regression

1987 [30]

IRI Increment

World Bank
Data

The IRI increment is a nonlinear function of base year IRI,
incremental surface distresses, structural number, pavement age,
and incremental traffic.

Joint DiscreteContinuous
Model

1995 [41]

Cracking Initiation and
Progression

World Bank
Data

The cracking initiation is related to pavement thickness,
structural number, and traffic loads. The cracking area
progression is related to structural number and traffic loads.

Nonlinear
Regression

2004 [24]

Present Serviceability
Index (PSI), IRI

AASHO and
Minnesota
Field Data

The initial IRI decreases with an increase of asphalt layer
thickness. The IRI progression rate reduces with an increase of
equivalent asphalt layer thickness.

Structured
Nonlinear
Regression

2008 [42]

IRI, Rut Depth

AASHO and
LTPP Data

The IRI and rut depth progression is a function of asphalt layer
thickness, base layer thickness, subbase layer thickness, base
material type, asphalt binder type, mixture design, and traffic.
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Table 2.1 (Continued)
Category

Regression
Models

Survival
Models

Method

Reference

Random
Parameters
Regression

2010 [29]

Linear
Regression

Performance
Indicator

Sample
Data

Major
Finding

IRI

Minnesota
Road Test Data

The effects of asphalt layer thickness, base layer thickness, and
subbase layer thickness on IRI progression varied from one
pavement section to another.

2011 [43]

IRI

Brazil Data

The IRI progression is an exponential function of climate
factor, modified structural number, and cumulative ESALs.

Logistic
Regression

2012 [44]

Crack Initiation

New Zealand
Data

The probability of crack initiation would increase with
pavement age and pavement deflection.

Nonlinear
Regression

2014 [45]

IRI

LTPP Data

The IRI progression is an exponential function of climate
region, cumulative ESAL, structural number, freezing index,
and annual precipitation.

Tobit
Regression

2015 [35]

Fatigue Cracking
Progression

LTPP Data

Fatigue cracking progression rate is affected by pavement age,
asphalt binder content, air void, annual precipitation, and
annual average daily truck traffic (AADTT).

Hierarchical
Ordered Logit
Regression

2019 [46]

Crack Initiation and
Progression

Australia Data

Pavement crack initiation and progression is affected by
pavement age, traffic loading, modified structural number,
climate condition, subgrade soil, and drainage condition.

Weibull
Model

1986 [47]

Time to Crack
Initiation

World Bank
Data

The time to crack initiation is affected by annual ESAL,
modified structural number, pavement surface deflection, and
construction quality indicator.

Weibull
Model

2003 [23]

Cumulative Traffic
before Crack Initiation

AASHO Road
Test Data

The accumulative traffic before crack initiation is affected by
asphalt layer thickness, base and subbase layer thickness.

Log-logistic
Model

2005 [48]

Time to Crack
Initiation

European Data

The time to crack initiation is affected by annual ESAL,
pavement type, and number of freezing days per year.

Weibull
Model

2017 [49]

Time to Rutting Failure
(more than 12.5 mm)

LTPP Data

The rutting failure time is affected by annual ESAL, asphalt
layer thickness, binder content, air void, and freezing index.
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Table 2.1 (Continued)
Category

Method

Reference

Markov Model

1987 [50]

Pavement Condition
Index (PCI)

Software Data

It is assumed that each 6-year zone has a constant rate of
deterioration for a certain pavement family (e.g., pavement
type, traffic level, climate condition).

Recurrent
Markov Model

2005 [51]

Crack Index (CI)

Florida Data

The recurrent Markov model outperforms better than the static
Markov chain in terms of crack index forecasting accuracy.

Markov
Models

Performance
Indicator

Sample
Data

Major
Finding

16

In 1994, Attoh-Okine predicted roughness progression in flexible pavements with an
ANN model, which is the function of modified structural number, incremental traffic loadings,
extent and severity of cracking, and incremental variation of rut depth [36]. However, since
ANN model was developed based on simulated HDM-III data, it may not be suitable for
predicting roughness progression of in-service pavements. In addition, the effects of pavement
structural, material characteristics, and climate factors on pavement roughness progression are
not considered.
In 2003, Yang et al. developed three ANN models for predicting crack rating, ride rating,
and rut rating with Florida’s PCS data [37]. They found that ANN models are more accurate than
the traditional regression models in predicting future pavement condition. However, they only
considered pavement age and previous years’ pavement performance data as input variables. The
effects of pavement structural and material characteristics, traffic characteristics, and climate
factors on pavement condition deterioration are not considered.
In 2005, Chou and Pellinen developed a series of time-series roughness prediction
models for three types of pavements with the ANN approach. They found that pavement
roughness progression is a function of initial pavement roughness, pavement age, freeze index,
annual average precipitation, and the cumulative 80 kN equivalent single-axle loads (ESAL)
[38]. However, the effects of pavement structural and material characteristics on pavement
roughness progression is ignored.
In 2006, Souza et al. evaluated the effects of pavement structural, climate factors, and
traffic characteristics on pavement roughness by conducting an ANN analysis with the LTPP
data. They found that the most important structural factor on pavement roughness progression is
the total asphalt layer thickness. The relative contribution of pavement structural factors, climate
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factors, and traffic conditions on pavement roughness are 48.4%, 31.2%, and 20.4%, respectively
[39]. However, the effects of pavement surface distresses and initial IRI on future IRI
progression are not considered.
In 2016, Mazari and Rodriguez estimated the pavement roughness progression by using a
hybrid gene expression programming-neural network technique and the LTPP data. They found
that pavement structural number, pavement age, and cumulative ESAL have significant effects
on pavement roughness progression [40]. However, the effects of initial pavement performance
and climate factors on IRI progression are not considered.
Overall, the ANN models have the potential to handle extremely large amounts of data
and provide a high level of prediction accuracy. However, these models may not necessarily
reflect the physical characteristics of actual pavement deterioration [52]. In addition, due to the
nonparametric characteristics of ANN analysis, these models may not be used to conduct the
sensitivity analysis of each factor and bridge the M&R policies with economic cost and
environmental impact in the life-cycle analysis.
2.2.2.2 Regression Models
In statistical modeling, regression analysis refers to a set of statistical processes for
estimating the relationships between a dependent variable and one or more independent
variables. Based on the literature review, regression methods used for pavement performance
modeling include linear regression [27, 41, 53-56], random effects linear regression [12, 57],
logistic regression [44, 46], ordered logit model [46]; nonlinear regression [24, 29-31, 43, 5052], negative binomial (NB) regression [61], zero-inflated negative binomial (ZINB) regression
[61], seemingly unrelated regression [42, 62], and three-stage least squares (3SLS) [63]. The
general pavement performance models developed based on regression analysis are reviewed as
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follows. In 1987, Paterson developed a nonlinear regression model for flexible pavement
roughness progression with Brazil data. The IRI increment was modeled as a nonlinear function
of base year IRI, an increase in rut depth standard deviation of both wheel paths, an increase in
relative cracking area, an increase in surface patching area, an increase in the ESAL, thickness of
cracked layer, modified structural number, and pavement age. He found that the initial rate of IRI
progression depends on the relative relationship between traffic loading and pavement strength.
The rate of IRI progression would rise more rapidly once pavement distresses occur [30, 58].
However, the effects of climate factors and pavement material characteristics are not considered
in the IRI incremental model. In addition, due to short term of pavement performance data, the
forecast accuracy of the model may be an issue for long-term pavement roughness prediction.
In 1995, Madanat et al. predicted the initiation and progression of cracking with a joint
discrete-continuous regression method. They found that the probability of cracking initiation is
related to pavement thickness, instrumental variable of structural number, and traffic loads. The
progression of relative cracking area was found to be a nonlinear function of structural number
and traffic loads [41]. However, the effects of climate factor on crack initiation and progression
are ignored.
In 2004, Prozzi and Madanat established a relationship between flexible pavement
roughness deterioration and a series of contributing factors by estimating a random effects
nonlinear regression model with the use of both accelerated pavement test data (i.e., AASHO
road test) and field survey data (i.e., Minnesota in-service pavements). They found that the initial
IRI decreases with an increase of asphalt layer thickness. The IRI progression rate reduces with
an increase of the equivalent asphalt layer thickness. To be specific, the effect of 25.4 mm (1
inch) asphalt surface layer, 101.6 mm (4 inches) base layer, and 127 mm (5 inches) subbase layer
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on IRI progression rate are similar [24]. However, the effects of pavement material
characteristics and climate factors on IRI progression are not considered.
In 2008, Prozzi and Hong developed a system of nonlinear structural econometric models
for capturing different deterioration processes in terms of IRI and rut depth [42]. They found that
the correlation of different pavement deterioration mechanisms can be captured through a system
of nonlinear regression models. In their study, IRI and rut depth progression was modeled as a
function of asphalt layer thickness, base layer thickness, subbase layer thickness, base material
type, asphalt binder type, Marshall mixture design type, and traffic volume. In 2010, Hong and
Prozzi developed a random parameters nonlinear pavement roughness model with the Minnesota
road test data [29]. They found that unobserved heterogeneity should be addressed not only
through the intercept as in the random effects model but also through other relevant slope
parameters. In IRI progression model, the ratios of layer coefficients between asphalt layer and
base/subbase layers were found to vary across pavement sections. However, the effects of initial
pavement performance and climate factors on IRI and rut depth progression are not considered in
these two studies.
In 2011, Albuquerque and Nunez developed a nonlinear roughness model for low-volume
roads in northeast Brazil. They found that the IRI increases exponentially with climate
classification, modified structural number, and cumulative ESAL [43]. However, the effects of
pavement distress and material characteristics on IRI progression are not considered.
In 2012, Henning and Roux developed a logistic regression model for asphalt pavement
cracking initiation with New Zealand LTPP data. They found that the probability of cracking
initiation would increase with pavement age and pavement deflection [44]. However, the effects
of material characteristics and climate factors on crack initiation are not considered.
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In 2014, Meegoda and Gao developed a roughness progression model with the LTPP data
by using nonlinear regression. They found that IRI progression rate is affected by climate region,
cumulative ESAL, structural number, freezing index, and annual precipitation [45]. However, the
effects of pavement distress and material characteristics on IRI progression are ignored.
In 2015, Aguiar-Moya and Prozzi evaluated the fatigue cracking progression by using
random effects Tobit regression model and the LTPP data. They found that fatigue cracking
progression rate is affected by pavement age, asphalt binder content, air void, annual
precipitation, and annual average daily truck traffic [35].
In 2019, Alaswadko et al. predicted crack initiation and progression of spray sealed
pavements by using a binary logit model and an ordered logit model. They found that the crack
initiation and progression is affected by pavement age, traffic loading, modified structural
number, climate condition, subgrade soil, and drainage condition [46]. However, the effects of
original pavement performance and material characteristics in crack initiation and progression
are not considered.
2.2.2.3 Survival Models
The regression models assume that the growth of pavement distress follows a
predetermined pattern that can be formulated by a specific mathematical expression. Regression
models are structured to predict performance as a function of a set of covariates that are expected
to have an effect. While, survival models aim to estimate the time, or number of applied loads,
until pavement performance falls below an acceptable level. The main difference between
regression models and survival models lies in that the variable that is being modeled is time, as
opposed to a given amount of pavement performance. Based on literature review, survival
models used for pavement performance modeling include semi-parametric survival model [64,
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65] and fully parametric model [47, 66]. The general pavement performance models developed
based on survival analysis are reviewed as follows.
In 1986, Paterson and Chesher modeled the initiation of fatigue cracking with Brazilian
condition survey data by using a Weibull proportional-hazard model. They found that the time to
fatigue cracking initiation is affected by annual average ESAL, modified structural number,
pavement surface deflection, and construction quality indicator [47]. However, the effects of
climate factors and material characteristics on fatigue cracking initiation are ignored.
In 2003, Shin and Madanat evaluated the initiation of pavement cracking with AASHO
road test data by using the Weibull proportional-hazard model. They found that the accumulative
traffic before crack initiation is affected by asphalt layer thickness, base layer thickness, and
subbase layer thickness. To be specific, the effect of 25.4 mm (1 inch) asphalt surface layer, 78.7
mm (3.1 inches) base layer, and 102.4 mm (4 inches) subbase layer on crack initiation rate are
similar [23]. However, the effects of material characteristics and climate factors on crack iniation
rate are not considered. In addition, crack initiation model developed with the AASHO road test
data may not reflect the actual deterioration process of in-service pavement.
In 2005, Loizos and Karlaftis evaluated the initiation of pavement cracking by a loglogistic proportional-hazard model with European pavement condition survey data. They found
that the initiation rate of pavement cracking is affected by annual ESAL, annual average freezing
days (below 0°C), and pavement type [48]. However, the effects of pavement structural and
material characteristics on cracking initiation rate are not considered.
In 2017, Auiar-Moya et al. estimated the time to rutting failure (rut depth is more than
12.5 mm) of flexible pavements by using the LTPP data and Weibull proportional-hazard model.
They found that the rutting failure time is affected by annual ESAL, asphalt layer thickness,
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binder content, air void, and freezing index. However, the effects of subbase and subgrade
characteristics on rutting failure rate are not considered [49].
2.2.2.4 Markov Models
In probability theory, a Markov model is a stochastic model used to model randomly
changing systems, which assumes that future state depends only on the current state. Markov
models can be used to evaluate a discrete, incremental deterioration process in pavement
management system. In Markov pavement performance models, discrete ratings would be used
instead of continuous pavement performance indicators for reducing the computational
complexity of the M&R decision-making process. This is justified by the fact that detail is not
necessary for pavement management at the network-level. Markov pavement performance
models predict the probability that a pavement section will undergo a change in condition state at
a given time, conditional on a series of independent variables such as traffic loading, climate
factors, design attributes, and construction history [50, 51].
2.3 Post-overlay Pavement Performance Models
Different from general pavement performance models, the effects of asphalt overlay
design are usually considered in post-overlay pavement performance models. However, relative
to general pavement performance modeling, it is even more challenging to develop post-overlay
pavement performance models because of endogenous overlay design problem. The previous
studies on post-overlay pavement performance modeling are summarized in Table 2.2. The
detailed literature review on these previous studies are illustrated as follows.
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Table 2.2 Previous studies on post-overlay pavement performance modeling
Category

Method

Regression
Models

Performance
Indicator

Sample
Data

Major
Finding
The future IRI is affected by previous IRI, time passed since
rehabilitation, time passed since previous IRI, freezing index,
total pre-overlay asphalt layer thickness, subgrade type, and thick
overlay indicator.

2010 [67]

IRI Progression

LTPP SPS-5
Data

Genetically
Optimized
Neural Network

2015 [68]

Fatigue Crack
Initiation

LTPP SPS-5
Data

The fatigue crack initiation rate is affected by pavement location,
time passed since rehabilitation, total post-overlay asphalt layer
thickness, recycled material indicator, intensive surface
preparation indicator, and thick overlay indicator.

Simple Linear
Regression

2003 [69]

As-built IRI

LTPP SPS-5
Data

As-built IRI is affected by pre-overlay IRI, the extent of surface
preparation, and thick overlay indicator.

Simple Linear
Regression

2004 [54]

IRI Progression

LTPP Data

IRI progression rate is affected by thick overlay indicator and
climate zone.

Linear
Regression

2005 [12]

Incremental IRI

Washington
Data

IRI increment is affected by previous year’s IRI, time passed
since last overlay, base layer thickness, cumulative ESAL.

Seemingly
Unrelated
Regression

2012 [62]

IRI/Rut Depth
Progression

Indiana Data

IRI increment is affected by previous year’s IRI, cumulative
truck volume, and treatment contract final cost per lane-mile.

Multiple Linear
Regression

2012 [27]

IRI Reduction and
Progression

LTPP SPS-5
Data

The IRI progression rate is affected by thin overlay indicator,
total asphalt layer thickness, annual ESAL, and origin condition.

Negative
Binomial
Regression

2013 [61]

Transverse Crack
Initiation

LTPP SPS-5
Data

The transverse crack initiation and progression rates are affected
by surface preparation, thicker overlay indicator, and recycled
material indicator.

Three-stage
Least Square

2016 [63]

IRI/PCR/Rut Depth
Progression

Indiana Data

The three pavement performance indicators are affected by
previous condition, traffic, and drainage design.

Linear
Regression

2017 [70]

IRI Increment

Washington
Data

The change of IRI is affected by previous IRI, cumulative traffic,
base layer thickness, and time passed since overlay.

ANN Analysis
Artificial
Neural
Networks

Reference
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Table 2.2 (Continued)
Category

Method

Reference

Performance
Indicator

Cox Model

2008 [64]

Cumulative Traffic
before Crack Initiation

Washington
Data

The accumulative traffic before crack initiation is affected by
asphalt layer thickness, base layer thickness, instrumental
variable of overlay thickness, and annual precipitation.

Cox Model

2008 [65]

Service Life to PCR
Failure

Ohio Data

Post-overlay pavement service life is affected by overlay
thickness, structural deduct number prior to overlay, annual
average temperature and precipitation, and traffic loading. .

Weibull
Model

2013 [25]

Cumulative Traffic
before Crack Initiation

AASHO and
Washington
Data

The time to crack initiation is affected by existing longitudinal
cracking before rehabilitation, recent asphalt layer thickness,
annual precipitation, and total asphalt layer thickness.

Weibull
Model

2014 [71]

Time to Crack
Initiation

LTPP SPS-5
Data

The initiation rates of non-wheel path longitudinal crack and
fatigue crack are affected by thick overlay indicator and
recycled material, respectively.

Lognormal/W
eibull Model

2015 [72]

Time to Crack/Rut
Initiation

LTPP SPS-3
Data

The pavement distress initiation rate is affected by structural
number, traffic volume, pre-treatment roughness, annual
precipitation, and freezing index.

Random
Parameter
Weibull

2015 [73]

Time to Rut/IRI/PCR
Failure Criteria

Indiana
Data

Pavement service life is affected by rehabilitation contract cost
per lane-mile and traffic volume.

Survival
Models

Sample
Data

Major
Finding
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2.3.1 Artificial Neural Networks
In 2010, Kargah-Ostadi et al. predicted changes in the IRI over time for flexible
pavements under different rehabilitation treatments through an ANN analysis with the LTPP
Specific Pavement Study (SPS)-5 data. They found that future IRI is affected by previous IRI,
time passed since rehabilitation, time passed since previous IRI, annual average freezing index,
total pre-overlay asphalt layer thickness, and subgrade percent passing sieve N0.200. In addition,
125-mm asphalt overlays were found to outperform 50-mm asphalt overlays regarding IRI
progression [67]. However, only asphalt overlays with two thickness levels are considered in the
study. The effects of continuous overlay thickness and pre-overlay pavement distresses on postoverlay IRI progression are not considered.
In 2015, Karlaftis and Badr modeled the probability of fatigue crack initiation following
pavement treatments with the use of the LTPP Specific Pavement Study 5 (SPS-5) data and
genetically optimized neural network models. They found that the post-overlay fatigue crack
initiation rate is affected by pavement location, time passed since rehabilitation, total postoverlay asphalt layer thickness, thick overlay indicator (125 mm versus 50 mm), intensive
surface preparation indicator, and recycled material indicator [68]. However, only asphalt
overlays with two thickness levels are considered in the study. The effects of continuous overlay
thickness on post-overlay fatigue crack initiation rate are ignored.
In addition, due to the nonparametric characteristics of ANN analysis, the above two
models may not be used to bridge overlay policies with pavement performance indicators,
economic cost, and environmental impact in the life-cycle analysis.
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2.3.2 Regression Models
In 2003, Raymond et al. developed a series of simple linear regression models for as-built
IRI of asphalt overlay projects. They found that the as-built IRI is affected by surface
preparation, thick overlay indicator, and pre-overlay IRI [69]. However, the effect of traffic,
climate, pavement structural and material characteristics on as-built IRI are not considered.
In 2004, Smith and Tighe assessed the post-overlay IRI progression with a series of
simple regression models for different pavement classes. Pavement classes were formulated
based on climate zone, subgrade type, and asphalt overlay thickness level. They found that thick
overlay indicator (125 mm versus 50 mm) and climate zones affect IRI progression rate [54].
However, only pavement age is considered as the contributing factor. The effects of traffic,
pavement structural and material characteristics are ignored.
In 2005, Madanat et al. developed a random effects linear regression model for predicting
incremental roughness progression with Washington PCS data. The average incremental change
of IRI per year was selected as the dependent variable. They found that the IRI increment is
affected by the previous year’s IRI, time passed since last overlay, base layer thickness,
cumulative ESAL, minimum air temperature, yearly precipitation, and presence of maintenance
and rehabilitation activity [12]. However, due to endogenous overlay design issue, the previous
IRI and cumulative ESAL was found to reduce IRI regression rate.
In 2012, Anastasopoulos et al. developed a random parameters seemingly unrelated
regression model for predicting post-rehabilitation roughness, rut depth, pavement condition
rating, and pavement deflection. They found that IRI increment would increase with the previous
year’s IRI and cumulative truck volume and decrease with the treatment contract final cost per
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lane-mile [62]. However, the effects of asphalt overlay design factors on post-overlay IRI
progression are not considered.
In 2012, Dong and Huang evaluated the effect of asphalt pavement rehabilitations with
LTPP data by developing a multiple linear regression model. They found that thin overlay
indicator, high traffic level, and poor pre-rehabilitation pavement condition increased the IRI
progression rate [27]. However, the effects of original pavement structural characteristics,
original pavement distresses, material characteristics, and climate factors on as-built IRI and
post-overlay IRI are not considered.
In 2013, Dong et al. predict the initiation and progression of transverse crack through
negative binomial (NB) and zero-inflated negative binomial (ZINB) models. They found that
transverse crack initiation and progression rates are affected by surface preparation extent, thick
overlay indicator, and recycled material indicator [61]. However, the effect of pre-overlay
pavement performance and original pavement structure on transverse crack initiation and
progression rates are ignored.
In 2016, Sarwar and Anastasopoulos evaluated post-rehabilitation PCR, IRI, and rut
depth by using a three-stage least squares (3SLS) approach. They found that all three pavement
performance indicators are affected by traffic, previous pavement condition, drainage
performance, and weather conditions [63]. However, the effects of asphalt overlay design on
post-rehabilitation pavement performance are ignored.
In 2017, Gayah and Madanat incorporated instrumental variables and discrete choice
methods into post-overlay IRI progression models with Washington PCS data. They found that
the change of IRI is affected by previous IRI, cumulative traffic, base layer thickness, time
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passed since overlay [70]. However, due to endogenous overlay design issue, previous IRI was
identified to reduce IRI progression rate.
2.3.3 Survival Models
In 2008, Nakat and Madanat evaluated the post-overlay crack initiation by using the Cox
proportional-hazards model and Washington PCS data. They found that the cumulative EASL
before crack initiation is affected by asphalt layer thickness, base layer thickness, instrumental
variable of overlay thickness and existing pavement fatigue cracking [64]. However, the model
developed based on Washington data may not be transferable to other states in the United States.
In 2008, Yu et al. estimated the effects of influential factors on post-overlay pavement
service life in terms of PCR failure (PCR lower than 70) by using the Cox proportional-hazards
(PH) method and Ohio PCS data. They found that pavement service life is affected by overlay
thickness, structural deduct number prior to overlay, annual average temperature, traffic loading,
and annual average precipitation [65]. However, the effects of pavement material characteristics
on PCR failure rate are not considered.
In 2013, Reger et al. developed a pavement crack initiation model using the Weibull
proportional-hazard model and combined AASHO data and Washington State pavement
condition survey data. They found that cumulative ESALs before crack initiation is affected by
the recent asphalt layer thickness, non-treated base layer thickness, instrumental variable of total
asphalt layer thickness, annual precipitation, average monthly minimum temperature of the
coldest month, existing longitudinal cracking before rehabilitation [25]. However, the effects of
rehabilitation design on crack initiation are not considered.
In 2014, Dong and Huang evaluated the effects of influence factors on crack initiation of
resurfaced-asphalt pavements with the LTPP SPS-5 data using the Weibull proportional-hazard
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model. They found that initiation rates of non-wheel path longitudinal crack and fatigue cracking
are affected by thick overlay indicator and recycled material indicator, respectively [71].
However, the effects of original pavement structural and material characteristics on crack
initiation rate are not considered.
In 2015, Dong and Huang evaluated the effectiveness of various pavement preventive
maintenance treatments through investigation of the failure probability of different performance
indicators with fully parametric survival analysis and the LTPP SPS-3 data. The Weibull model,
lognormal model, and exponential model were used to model the failure probability of
roughness, cracking, and rutting, respectively. They found that the pavement distress initiation
rate is affected by structural number, traffic volume, pre-treatment roughness, annual
precipitation, and freezing index [72]. However, the effects of thin overlay design on pavement
distress initiation are not considered.
In 2015, Anastasopoulos and Mannering evaluated the effects of contributing factors on
post-treatment pavement service life by using random parameters hazard-based duration models
and Indiana’s 9-year data. They found that rehabilitation contract cost per lane-mile and traffic
have significant effect on post-treatment pavement service life [73]. However, the effects of
detailed asphalt overlay design on post-treatment pavement deterioration are not considered.
2.4 Potential Issues for Pavement Performance Modeling
Based on the literature review, there are several potential issues in the development of
post-overlay pavement performance models, such as selection bias, multicollinearity, unobserved
heterogeneity, serial correlation, and endogeneity, data truncation and censoring. These issues
need to be carefully addressed in the model development, otherwise, the accuracy of forecast
might be significantly affected.
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2.4.1 Selection Bias
Selection bias is the bias introduced by the selection of data for analysis in such a way
that proper randomization is not achieved. Selection bias problem would exist when pavement
distress progression models are estimated by only using the sample of observations for which
distress have been initiated [41]. In the development of pavement distress progression models,
pavement sections should be selected randomly.
2.4.2 Multi-collinearity
Multicollinearity issue exists when two or more independent variables in a regression
model are highly correlated. While multicollinearity does not introduce biases in the model
parameter estimates, it would undermine confidence in their statistical significance. For example,
pavement age and accumulative traffic volume are usually highly correlated [32].
2.4.3 Unobserved Heterogeneity
Unobserved heterogeneity is a term that describes the existence of unobserved
differences between individual sections that are associated with the observed variables of
interest. A series of factors would affect pavement performance, such as traffic and climate
factors, pavement structure and material characteristics, construction, maintenance, and
rehabilitation activities, and drainage type and condition. However, it is impossible to collect all
these data for pavement roughness progression models. If some unobserved contributing factors
vary over pavement sections and are related to an existing independent variable, the
heterogeneity issue would be introduced into pavement performance modeling [74]. In addition,
since each pavement section may possess unique characteristics reflecting its unique
deterioration process, it is more realistic and reasonable to let the relevant parameters to be
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random. Ignoring unobserved heterogeneity can result in model specification errors that can lead
to erroneous inferences on model results [57, 75].
2.4.4 Serial Correlation
Serial correlation is the relationship between a given variable and a lagged version of
itself over various time intervals. The time-sequence pavement condition survey data obtained
from a specific pavement section are used to indicate its pavement deterioration process. In the
model development, due to the cumulative effects of pavement deterioration process, the error
associated with a given time period may carry over into future time periods. If positive serial
correlation occurs in time-series performance data measurements, the statistical significance of
predictors may be overstated.
2.4.5 Endogeneity
Endogeneity bias problem occurs when one or more independent variables are correlated
with the error term [76]. For example, asphalt overlays on in-service pavements are not carried
out by highway agencies exogenously. Instead, they are carried out in response to original
pavement conditions and traffic loading. Roadway sections experiencing more severe pavement
distresses are usually surfaced with thicker asphalt overlay layer. In addition, asphalt overlays
are typically designed with higher standards when roads are expected to carry higher level of
traffic volumes or loads during the service life. Then, the modeling assumption that asphalt
overlay design variables in statistical analysis are exogenous would be violated [12, 53, 70, 77].
One way to avoid endogeneity is to adopt the data source from roadway sections under a
predetermined and well controlled experimental design, such as LTPP specific pavement study
(SPS) data. The other way is to correct endogeneity bias through statistical technique, such as
introducing instrumental variables [76].
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2.4.6 Censoring
Censoring is a condition in which the value of a measurement is only partially known.
Left censoring occurs when a pavement section has failed before the pavement condition survey
begins, which is not a problem in post-overlay pavement performance modeling. Right censoring
that can be commonly observed in in-service pavement condition data refers to pavement
sections that have not yet failed at the end of latest survey [35, 47]. Interval censoring occurs
when pavement condition survey is performed at given time intervals (e.g., every three years).
We know that if a pavement section does not show failure in the previous survey but shows
failure in the current survey, the failure must have occurred sometime between the times when
the two surveys are conducted. However, the exact time of pavement failure is not well known.
Thus, if pavement performance data are collected infrequently or only collected over a
short period of time, the pavement performance measurements will suffer from severe censoring
issues [64]. In the model development, if the observations that are left or right censored are to be
dropped from the analysis, so that only pavement failures that occur during the given observation
period are considered, the model will be significantly biased because of data truncation [78].
2.5 Pavement Life-Cycle Analysis
Pavement life-cycle analysis is a method for evaluating the potential impact of a
pavement system or an M&R policy through the pavement life cycle. The pavement life cycle
includes pavement material extraction and processing, manufacturing, distribution, use,
recycling, and final disposal. The typical pavement life-cycle analysis methods includes lifecycle cost analysis and life-cycle assessment.
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2.5.1 Life-Cycle Cost Analysis (LCCA)
The LCCA is a method to calculate and compare the costs and benefits of different
pavement M&R policies over the analysis period [79]. The LCCA procedure consists of
selecting an analysis period, selecting a discount rate, selecting a measure of economic worth,
and determining monetary agency costs and user costs [11, 80]. To be specific, the monetary
agency costs include material costs and construction costs. The user costs include traffic delay
costs, crash costs, and vehicle operating costs. The vehicle operating costs include fuel
consumption cost, vehicle repair and maintenance cost, and tire wear cost. Post-overlay
pavement roughness progression is very important for the estimation of vehicle operating cost.
2.5.2 Life-Cycle Assessment (LCA)
The LCA is an approach to evaluate the environmental impact of different pavement
M&R policies over the analysis period. In the LCA process, pavement life-cycle phases are
typically classified into material production phase, construction, maintenance and rehabilitation
phase, use phase, and end-of-life (EOL) phase [81]. To evaluate the effect of asphalt overlay
policies on environmental impacts during pavement life cycle, pavement overlay should be
evaluated as an input variable instead of a component in the LCA. The previous LCA studies
about pavement M&R policy making are reviewed and illustrated as follows.
In 2009, Zhang et al. estimated the environmental impacts for three overlay systems
(concrete overlay, asphalt overlay, and engineered cementitious composites [ECC] overlay) by
using a pavement LCA model. They found that material, construction-related traffic congestion,
and pavement surface roughness effects are major contributors to environmental impacts
throughout an overlay system life cycle. From that case study, compared to a conventional
concrete overlay system, the ECC overlay system may reduce the life-cycle energy consumption
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and greenhouse gas (GHG) emissions by 15% and 32%, respectively [82]. However, instead of
using IRI directly, fuel consumption factor was calculated from the distress index (DI). It may
create much more uncertainty in evaluating the environmental impact in user phase. In addition,
the effects of three overlay systems on air pollution impact are not evaluated.
In 2010, Weiland and Muench compared three rehabilitation treatments (PCC overlay,
HMA overlay, and crack, seat and HMA overlay) for an aging portland cement concrete (PCC)
pavement with the use of a process based LCA approach. They found that the materials
production (e.g., cement, asphalt, PCC, and HMA) dominates the energy use and GHG
emissions for all three rehabilitation options when only material production and construction
activities are considered [83]. However, environmental impacts incurred by traffic delay and
pavement usage were not considered in the study. In addition, the effects of three rehabilitation
treatments on air pollution impact are not evaluated.
In 2012, Yu and Lu developed a comprehensive pavement LCA framework by
combining material, distribution, construction, congestion, usage, and end-of-life modules. A
case study of three overlay systems (PCC overlay, HMA overlay, and crack, seat and HMA
overlay) was conducted with the proposed LCA approach. For that case, PCC overlay was found
to have less environmental burdens than HMA overlay. In addition, material production, traffic
delay, and pavement usage were identified as the three major sources of energy consumptions
and air pollutant emissions [81]. However, the IRI progression models for three overlay systems
were derived from the MEPDG model. These IRI progression models may not reflect the actual
pavement deterioration process.
In 2012, Wang et al. evaluated energy use and GHG emissions from asphalt pavement
rehabilitation strategies by proposing a pavement LCA model. They found that the energy and
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GHG savings achieved by reducing rolling resistance can be significantly larger than the energy
consumption and GHG emissions from material production and construction for high-trafficvolume highways. On low-traffic-volume highways, construction quality and material selection
play a significant role in determining whether there is a net positive or negative effect of
pavement rehabilitation on energy use and GHG emissions [85]. However, only cumulative
ESAL and initial IRI were considered in the IRI progression model used in the LCA study. The
effects of rehabilitation design and original pavement structure characteristics on IRI progression
are not considered. The prediction bias of post-rehabilitation IRI progression model would result
in a bias in estimating energy consumption and GHG emissions in LCA, especially in use phase.
In 2014, Wang and Gangaram quantified the impact of different pavement preservation
treatments (HMA thin overlay, crack seal, slurry seal, and chip seal) on energy consumption and
GHG emissions by developing a LCA model. They found that the thin overlays have the greatest
energy and GHG savings at usage stage and the highest energy consumption and GHG emissions
at material production stage and construction stage among the preservation treatments. In
addition, they found that GHG savings at usage stage are much greater than the GHG emissions
produced at construction stage for all preservation treatments [86]. However, the effects of
pavement preservation treatments on IRI progression were directly expressed as the field data at
a pavement location.
In 2015, Santos et al. conducted a comprehensive LCA of three M&R policies (recyclingbased M&R policy, traditional reconstruction, and corrective M&R policy) for a pavement
section. They found that the recycling-based M&R strategy reduces the overall life-cycle
environmental impacts and energy consumption by as much as 30% compared to the corrective
M&R strategy. The reconstruction strategy has the worst environmental performance with
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respect to the materials and construction stages [87]. However, the effects of M&R policies on
post-treatment IRI progression model are not well developed.
2.5.3 Integrated LCA-LCCA Models
To evaluate the environmental and economic impact of a pavement M&R policy
simultaneously, a comprehensive LCA-LCCA framework is needed. The previous integrated
LCA-LCCA studies about pavement M&R policy making are reviewed and illustrated as
follows.
In 2009, Zhang developed an integrated LCA-LCCA model framework for evaluating
pavement life-cycle environmental impact and cost. To be specific, the LCA model was
integrated with the LCCA model by the principle that environmental impacts were converted to
monetary values [77]. However, given the uncertainties inherent in the environmental damage
cost estimation, the robustness and reliability of the integrated LCA-LCCA model would be
significantly affected.
In 2011, Zhang et al. conducted a case study about identifying the optimal rehabilitation
strategy for a pavement overlay system to minimize the total life-cycle energy consumption,
GHG emissions, and costs within an analysis period. Based on the proposed LCA-LCCA
framework in the previous work [82], life-cycle burden (agency costs, user costs, and
environmental costs) was identified as the single objective function in the life-cycle optimization
(LCO) model. Then, discrete-state dynamic programming optimization technique and
autoregressive pavement overlay deterioration model were applied to minimize the life-cycle
burden [88]. However, the effects of traffic volume and environmental characteristics on the
pavement deterioration are ignored in pavement deterioration model. In addition, instead of IRI,
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the distress index (DI) is used as pavement performance indicator. The transformation of DI
trend to IRI progression will add model uncertainty.
In 2013, Yu et al. conducted a case study to optimize the maintenance plans for the three
overlay designs (HMA overlay, PCC overlay, and Crack, seat and overlay) with an LCA-LCCA
optimization model. In their study, pavement overlay deterioration models for three overlay
designs were estimated with the MEPDG software [89]. However, due to a series of assumed
inputs, the predicted roughness trends from MEPDG software may not reflect the actual
pavement deterioration process after rehabilitation.
In 2013, Lidicker et al. conducted a multi-criteria optimization for single-facility,
continuous-state, continuous-time pavement resurfacing problem with the two objectives of
minimizing costs and GHG emissions. Instead of conducting pavement LCA study, the
researchers evaluated the life-cycle environmental impacts by using agency and user emissions.
Agency emissions were assumed to be a function of overlay thickness. User emissions were
assumed to be a function of pavement roughness change. They found that minimum achievable
roughness, deterioration rates, vehicle fuel economy and overlay emissions all affect life-cycle
costs and GHG emissions [90]. However, the assumption of agency and user emissions may not
reflect the actual environmental impact process in the pavement resurfacing process. In addition,
the energy consumption and air pollutants were not considered in the study.
In 2015, Yu et al. conducted a multi-objective optimization for asphalt pavement
maintenance plans at project level by integrating pavement performance, environmental impacts,
and cost [91]. However, traffic delay costs and vehicle crash costs were ignored in their LCALCCA framework. In addition, instead of using pavement roughness progression model,
AASHTO 1993 PSI deterioration model was indirectly used to estimate the vehicle operating
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cost and emissions. The transformation from PSI to IRI throughout pavement life-cycle may
introduce a great level of uncertainty.
In 2017, Santos et al. integrated an LCA-LCCA model into the multi-objective
optimization framework for identifying the optimal M&R policy. The life-cycle agency costs,
life-cycle user costs, and life-cycle GHG emissions were selected as the objective functions [92].
However, energy consumption and air pollutants were ignored in pavement LCA. The effects of
pavement structure, traffic characteristics and weather information on pavement deterioration
were not considered in the pavement deterioration model. In addition, the pavement roughness
progression model should not be assumed to be the same over different M&R activities.
2.6 Research Gaps
2.6.1 Post-overlay Pavement Distress Forecast Modeling
Based on the literature review in Section 2.3, no national-level post-overlay distress
initiation model was established by fully considering the combination effects of asphalt overlay
design, original pavement performance, pavement structural and material characteristics, traffic
loads, and climate factors. Specifically, most of previous studies only consider the effect of two
overlay thickness levels (50 mm versus 125 mm) in their models. The effects of continuous
overlay thickness on the initiation rate of pavement distress are not considered. In addition, from
the perspective of research approach illustrated in Section 2.4, the previous researchers did not
address the potential endogenous overlay design issue and unobserved heterogeneity issue in
model estimation. These issues may result in biased and inefficient estimate of pavement service
life, which in turn may lead to erroneous decisions in scheduling pavement maintenance
activities (e.g. crack sealing).
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2.6.2 Post-overlay Pavement Roughness Progression Modeling
Based on the literature review in Section 2.3, no national-level post-overlay roughness
progression model has been established by fully considering the combination effects of asphalt
overlay design, original pavement performance, pavement structural characteristics, traffic
loadings, and climate factors. Specifically, the effects of endogenous overlay design and
continuous variable of asphalt overlay thickness on post-overlay IRI progression are not well
documented. In addition, from the perspective of research approach illustrated in Section 2.4,
most of previous researchers did not address the section-specific unobserved heterogeneity issue
and within-section serial correlation issue in model estimation. These issues may result in biased
and inefficient estimates of IRI progression, which in turn may lead to erroneous decisions in
scheduling asphalt overlay activities.
2.6.3 Sustainable Asphalt Overlay Policy Making
Based on the literature review in Section 2.5, most of the integrated LCA-LCCA
frameworks only considered energy consumption and GHG emissions as environmental impact
factors. However, the air pollutants with great health effects, traffic delay cost, and vehicle crash
cost were not considered in the previous studies.
In addition, the best method for estimating the vehicle operating costs and environmental
impact in pavement usage stage is to directly link post-overlay IRI progression model to
roughness impact model. However, post-overlay IRI progression models in the previous LCALCCA studies are not well developed.
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Chapter 3: Post-overlay Pavement Distress Forecast Model

3.1 Introduction
The post-overlay pavement distress initiation model can be used to predict pavement
service life, which is useful for scheduling pavement maintenance activities timely. This chapter
aims to fill the research gap identified in Section 2.6.1 of Chapter 2. To be specific, the objective
of this chapter is to develop a comprehensive post-overlay distress initiation model with the
LTPP data. To consider endogenous overlay design and continuous overlay thickness, various
asphalt overlay projects (e.g., thin overlays, structural overlays) from the various LTPP programs
were extracted for data analysis. To address the unobserved heterogeneity issue and data
censoring issue, the random parameters Weibull duration model was developed for various postoverlay pavement distress initiation models.
The remainder of this chapter is structured as follows. The database used for analysis and
descriptive statistics of the possible variables are presented in Section 3.2. The model
formulations for random parameters hazard-based duration models are illustrated in Section 3.3.
The empirical estimation and validation results for the initiation of fatigue cracking, severe
rutting, wheel-path longitudinal cracking, non-wheel path longitudinal cracking, and transverse
cracking are presented in Section 3.4. In Section 3.5, empirical findings about the effects of
potential causal factors on the initiation of pavement distresses are provided. Finally, Section 3.6
summarizes the major findings and provides suggestions for pavement M&R.
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3.2 Data Collection and Description
3.2.1 Data Collection
The sample data used in this study are extracted from two major data sources: (1) The
FHWA LTPP database, and (2) The NOAA (National Oceanic and Atmospheric Administration)
climate database. The LTPP test sections were designed such that asphalt overlays were applied
to pavement sections representing a wide variety of different pavement structures located in
different environments and subjected to different traffic levels [95].The LTPP test sections are
classified as general pavement studies (GPS) and specific pavement studies (SPS). Note that the
major difference of these two groups is that at the start of LTPP program, the GPS test sections
are existing pavements and the SPS test sections are constructed with experimental treatment
factors [28].
In this study, the LTPP SPS-3 program (“Preventive Maintenance Effectiveness of
Flexible Pavements”), SPS-5 program (“Rehabilitation of Flexible Pavements”), and GPS-6
program (“Asphalt Concrete Overlay on Flexible Pavement”) were identified for selecting
asphalt overlay projects. For SPS-3 program, only pavement sections that had experienced with
thin overlay treatment were selected. For SPS-5 program, since the control section provides no
information related to post-overlay roughness, it was not incorporated in the analysis. In
addition, test sections whose pre-overlay pavement performance measurements were missing
were excluded. In the end, 317 asphalt overlay projects were selected (i.e., 40 SPS-3 test
sections, 177 SPS-5 test sections, and 100 GPS-6 test sections). Figure 3.1 shows the distribution
of the selected asphalt overlay projects. Since several asphalt overlay projects may locate in the
same roadway segment, each red star represents one or more pavement sections. As shown in
Figure 3.1, the sample data are randomly distributed over the United States and part of the
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Canada. It is suitable for evaluating the effect of climate factors on the rate of post-overlay
pavement distress initiation.

Figure 3.1 Spatial distribution of LTPP pavement sections selected in the study
For each asphalt overlay project, the combination of “STATE_CODE” (a two-digit value
used to identify the state where a test section is located) and “SHRP_ID” (an identifier for a
single test section) were used to link all potential contributing factors of post-overlay pavement
performance measurements. The potential variables were extracted from various LTPP modules
and the NOAA database.
The LTPP database include seven modules: (1) climate module containing data collected
from offsite weather stations, such as annual average freeze index, annual average temperature,
and annual average precipitation; (2) inventory module containing inventory information for all
test sections, such as location information, region code, climate zone, construction date, and
functional class; (3) maintenance module containing information on maintenance type treatments
applied to a test section, such as thin overlay; (4) monitoring module containing pavement
performance monitoring data, such as pavement fatigue cracking area and structural deflection;
(5) rehabilitation module containing information on rehabilitation treatments, such as thick
overlay; (6) traffic module containing traffic characteristics, such as annual average daily traffic
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(AADT), annual average daily truck traffic (AADTT), and annual average daily equivalent
single axle load (AESAL); (7) test module containing field and laboratory materials testing data,
such as pavement layer type, thickness, and material type. In addition, average daily maximum
temperature in July and average daily minimum temperature in January across the sample
pavement sections are extracted from the NOAA database. Specially, the actual overlay
thickness data were determined with pavement core testing data from the LTPP test module
because they deviated from the experimental design data [93]. The potential variables for postoverlay pavement performance modeling are summarized in Table 3.1.
Table 3.1 Potential contributing factors for post-overlay pavement performance modeling
Category

Variable

Source

Asphalt
Overlay Design

Overlay thickness, overlay material (recycled or virgin), overlay
type (milling or not), and overlay age (number of years elapsed
after asphalt overlay)

LTPP maintenance,
rehabilitation, and test
modules

Original
Pavement
Performance

IRI, relative area of fatigue cracking, length of longitudinal
cracking at wheel path, number of transverse cracking at wheel
path, and rut depth

LTPP monitoring
module

Pavement
Structural
Characteristics

Standard falling weight deflectometer (FWD) deflection, asphalt
layer thickness, subbase/base type, subbase/base layer thickness,
subbase/base material, subgrade type, subgrade material, and
subsurface drainage type.

LTPP monitoring
module, and test
module

Traffic
Loadings

Annual average daily traffic, annual average daily truck traffic, 80kN equivalent single axle load

LTPP traffic module

Climatic
Factors

Climate zone, annual freezing index, annual precipitation, average
daily maximum temperature in July, average daily minimum
temperature in January.

LTPP climate module,
and NOAA database

In order to develop post-overlay pavement performance models, the collected data were
processed and initially coded in Table 3.2. As shown in the Table, the variables can be classified
into three groups: (1) categorical variable; (2) indicator variable; and (3) continuous variable. In
the model development, the categorical variable can be reformulated as one or more indicator
variables. The specific variables defined in the pavement performance models would be recoded.
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Table 3.2 List of variables coded for post-overlay pavement performance modeling
Variable

Variable Description

GPS Program
Region Area
Subsurface Drainage
Subgrade Type
Subgrade Material
Subbase Type
Subbase Thickness
Subbase Material

1 if the roadway section belongs to the GPS program, 0 otherwise
1 if north Atlantic, 2 if north central, 3 if southern, 4 if western
1 if subsurface drainage is present, 0 otherwise
1 if subgrade (untreated), 0 otherwise
1 if fine-grained soils, 2 if coarse-grained soils
1 if bound (treated) subbase, 2 if unbound (granular) subbase, 0 if no subbase
subbase layer thickness (in inches)
1 if fine-grained soils, 2 if coarse-grained soils

Base Type
Base Thickness

Overlay Type

1 if bound (treated) base, 2 if unbound (granular) base, 0 if no base
base layer thickness (in inches)
1 if gravel (uncrushed), 2 if crushed stone or gravel, 3 if soil-aggregate mixture, 4 if
HMAC, 5 if asphalt treated mixture, 6 if cement aggregate mixture, 7 if others
asphalt layer thickness before overlay (inches)
asphalt overlay thickness (inches)
1 if hot mixed, hot laid AC, dense graded, 2 if hot mixed, hot laid AC, open graded, 3 if
recycled AC, hot laid AC, central plant mix
1 if asphalt concrete overlay, 2 if mill off AC and overlay with AC

Deflection

average deflection at 0’’ of load plate under 40-kN (9-kip) wheel load FWD test (×10-6 m)

Climate Zone
Precipitation
Temperature
High Temperature
Low Temperature
Temperature Range
Freeze Index
AADT
AADTT
AESAL
IRI_BF
IRI_AT
FAT_BF

1 if dry & freeze zone, 2 if dry & non-freeze zone, 3 if wet & freeze zone, 4 if wet & nonfreeze zone
annual average precipitation (in mm)
annual average temperature (°C)
average daily maximum temperature in July (°C)
average daily minimum temperature in January (°C)
temperature difference between high temperature and low temperature (°C)
annual average freeze index (°C days)
annual average daily traffic (vehicles/day)
annual average daily truck traffic (trucks/day)
annual average daily 80-kN (18-kip) equivalent single axle load (1000 ESAL)
International Roughness Index (IRI) before the overlay (inches/mile)
International Roughness Index (IRI) in t years after the overlay (inches/mile)
Area of fatigue cracking before the overlay (m2)

FAT_AT

Area of fatigue cracking in t years after the overlay (m2)

LWP_BF

Length of longitudinal cracking at wheel path before the overlay (m)

LWP_AT

Length of longitudinal cracking at wheel path in t years after the overlay (m)

LNWP_BF

Length of longitudinal cracking at non-wheel path before the overlay (m)

LNWP_AT

Length of longitudinal cracking at non-wheel path in t years after the overlay (m)

TCC_BF

Number of transverse cracking before the overlay

TCC_AT

Number of transverse cracking in t years after the overlay

RUT_BF

Rut depth before the overlay (mm)

RUT_AT

Rut depth in t years after the overlay (mm)

Base Material
Asphalt Thickness
Overlay Thickness
Overlay Material
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3.2.2 Descriptive Analysis
3.2.2.1 Key Contributing Factors
The descriptive statistics of the potential independent variables used in the analysis for
pavement distress initiation are summarized in Table 3.3. The variables are classified into three
groups: (1) overlay design and original pavement performance, (2) pavement structural and
material characteristics, and (3) traffic and climate factors.
Table 3.3 Descriptive statistics of key variables for pavement distress initiation
Mean

Standard
Deviation

Minimum

Maximum

Asphalt overlay thickness (inches)
Endogenous overlay design indicator (1 if asphalt overlay
design is endogenous, 0 otherwise)
Milling operation indicator (1 if pavement is milled before
asphalt overlay, 0 otherwise)

3.556

1.971

0.500

9.300

0.315

0.465

0.000

1.000

0.495

0.501

0.000

1.000

Recycled material indicator (1 if overlay material consists of
30% recycled asphalt mixture, 0 otherwise)

0.256

0.437

0.000

1.000

Original pavement fatigue cracking indicator (1 if fatigue
cracking before overlay is present, 0 otherwise)
Original pavement wheel-path longitudinal cracking indicator
(1 if longitudinal crack before overlay is present, 0 otherwise)

0.631

0.483

0.000

1.000

0.584

0.494

0.000

1.000

Original pavement rutting depth (mm)
As-built pavement rutting depth (mm)

9.863
2.865

4.537
1.358

1.000
0.000

32.000
10.000

2.181
8.617

1.054
3.166

0.470
2.400

6.080
22.300

0.407

0.492

0.000

1.000

7.423
0.656

4.351
0.476

0.000
0.000

24.600
1.000

0.319

0.466

0.000

1.000

0.353

0.479

0.000

1.000

0.752
0.358
0.872

1.207
0.517
0.450

0.013
0.000
0.085

5.896
1.719
2.630

0.265

0.442

0.000

1.000

0.420

0.494

0.000

1.000

Variable Description
Overlay design and original pavement performance

Pavement structural and material characteristics
Average deflection at the center of 40-kN load plate (0.1mm)
Total thickness of asphalt layer (inches)
Bound base indicator (1 if base layer type is asphalt or cement
treated base, 0 otherwise)
Base layer thickness (inches)
Subbase indicator (1 if subbase is present, 0 otherwise)
Fine subgrade indicator (1 if subgrade is fine-grained soils, 0
otherwise)
Traffic and climate factors
Heavy traffic volume indicator (1 if the AADTT is more than
1000 trucks per day, 0 otherwise)
AESAL (in 1000 ESAL)
Freeze Index (in 1000 °C days)
Annual precipitation (in 1000 mm)
Wet freeze climatic zone indicator (1 if climate zone is wet
freeze climatic zone)
Freeze climatic zone indicator (1 if climate zone is freeze
climatic zone, 0 otherwise)
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The distribution of pavement structural layer thickness in the sample data is illustrated in
Figure 3.2. As we can see in Table 3.1 and Figure 3.2, the minimum value, mean value, and
maximum value of asphalt overlay thickness are 12.7 mm (0.5 inches), 89 mm (3.5 inches), and
236 mm (9.3 inches), respectively.

Figure 3.2 Pavement structural layer thickness distribution in the sample data
3.2.2.2 Fatigue Cracking (FC)
Based on the sample data, there are 238 complete cracked sections and 79 censored
pavement sections. Since the pavement fatigue cracking initiation data are multi-censored data,
the Kaplan-Meier product-limit estimator (KMPLE) can be used to calculate non-parametric
survival probability with Greenwood’s formula and log-log transformation. The 95% confidence
intervals (CIs) of KMPLE survival probability for fatigue cracking initiation are calculated and
shown in Figure 3.3. To be specific, the 95% CIs of survival probability for fatigue cracking
initiation at 5, 10, 15, and 20 years are [0.711, 0.805], [0.314, 0.424], [0.138, 0.241], and [0.034,
0.142], respectively. If the censoring issue is ignored, as shown in Figure 3.4, the pavement
survival life in terms of cracking initiation would be underestimated.
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Figure 3.3 KMPLE survival probability for fatigue cracking initiation

Figure 3.4 Effect of right-censored data on pavement fatigue cracking initiation
3.2.2.3 Severe Rutting (SR)
In the study, severe rutting (rut depth > 10 mm) is defined as a failure indicator for
pavement rutting. Based on the sample data, there are 110 complete pavement sections
experiencing severe rutting. The 95% CIs of KMPLE survival probability for severe rutting
occurrence are calculated and shown in Figure 3.5. To be specific, the 95% CIs of survival

48

probability for pavement severe rutting initiation at 5, 10, 15, and 20 years are [0.882, 0.943],
[0.768, 0.855], [0.621, 0.732], and [0.488, 0.627], respectively.

Figure 3.5 KMPLE survival probability for severe rutting initiation
3.2.2.4 Wheel-Path Longitudinal Cracking (LWP)
Based on the sample data, there are 185 complete cracked sections and 132 censored
pavement sections. The 95% CIs of KMPLE survival probability for fatigue cracking initiation
are calculated and shown in Figure 3.6.

Figure 3.6 KMPLE survival probability for wheel-path longitudinal cracking initiation
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To be specific, the 95% CIs of survival probability for pavement severe rutting
occurrence at 5, 10, and 15 years are [0.682, 0.779], [0.465, 0.578], and [0.316, 0.438],
respectively.
3.2.2.5 Non-wheel Path Longitudinal Cracking (LNWP)
Based on the sample data, there are 297 complete cracked sections and 20 censored
pavement sections. The 95% CIs of KMPLE survival probability for non-wheel path longitudinal
cracks initiation are calculated and shown in Figure 3.7. To be specific, the 95% CIs of survival
probability at 5, 10, and 15 years are [0.302, 0.408], [0.051, 0.114], and [0.018, 0.064],
respectively.

Figure 3.7 KMPLE survival probability of non-wheel path longitudinal cracking initiation
3.2.2.6 Transverse Cracking (TC)
Based on the sample data, there are 284 complete cracked sections and 33 censored
pavement sections. The 95% CIs of KMPLE survival probability for non-wheel path longitudinal
cracks initiation are calculated and shown in Figure 3.8. To be specific, the 95% CIs of survival
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probability at 5, 10, and 15 years are [0.441, 0.551], [0.118, 0.200], and [0.024, 0.088],
respectively.

Figure 3.8 KMPLE survival probability of transverse cracking initiation
3.2.2.7 Multiple Pavement Distress Indicators
For comparison purpose, the survival probabilities of 317 pavement sections for different
distress indicators are illustrated in Figure 3.9.

Figure 3.9 KMPLE survival probability of multiple pavement distresses
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3.3 Methodology
Pavement distresses normally occur at different times at various locations along a
homogenous section of roadway pavement. Due to the nature that pavement distress occurrence
is a highly variable event, the time of distress initiation would better be represented by a
probability density function rather than by a point estimate. Survival analysis can capture the
stochastic nature of distress initiation, which models a time to an event and incorporates
censored data in the statistical estimation of the model parameters.
3.3.1 Survival Function
The survival time, 𝑇, is defined as the time elapsed until the initiation of the first crack or
severe rutting in the pavement section. For a given density function, 𝑓(𝑡), of the initiation of
pavement distress, the cumulative distribution function, 𝐹(𝑡), is shown in Equation (3.1).
𝑡

𝐹(𝑡) = 𝑃(𝑇 ≤ 𝑡) = ∫0 𝑓(𝑢)𝑑𝑢

(3.1)

The survival function, 𝑆(𝑡), which is the probability that the pavement will survive at
least to time 𝑡, is illustrated in Equation (3.2).
𝑆(𝑡) = 𝑃(𝑇 ≥ 𝑡) = 1 − 𝐹(𝑡)

(3.2)

3.3.2 Hazard Function
The hazard function, a concept used in survival analysis, is proportional to the probability
that failure will occur in a short time interval at time t given that it has not occurred previously
[75, 94]. The hazard function, ℎ(𝑡), which quantifies the instantaneous risk that the pavement
sections fail at time 𝑡, is shown in Equation (3.3).
ℎ(𝑡) = lim

∆𝑡→0

𝑃(𝑡≤𝑇≤𝑡+∆𝑡)
𝑆(𝑡)∆𝑡

𝑓(𝑡)

= 𝑆(𝑡)

(3.3)

Three widely used hazard functions for survival model include exponential, Weibull, and
log-logistic [75]. An exponential function suggests that the hazard rate of pavement fatigue
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cracking is constant along pavement service life. A Weibull distribution is a generalized form of
the exponential, which indicates that the hazard rate can monotonically increase or decrease. A
log-logistic distribution allows for non-monotonic hazard functions and is often used as an
approximation of the more computationally cumbersome lognormal distribution. The specific
Weibull distribution and log-logistic distribution are shown in Equations (3.4) and (3.5),
respectively.
ℎ(𝑡) = (𝜆𝑃)(𝜆𝑡)𝑃−1
ℎ(𝑡) =

(𝜆𝑃)(𝜆𝑡)𝑃−1
1+(𝜆𝑡)𝑃

(3.4)
(3.5)

where, 𝜆 is a scale parameter, and 𝑃 is a shape parameter. For the Weibull model, if 𝑃 > 1, the
hazard rate increases with time; when 𝑃 < 1, the hazard rate decreases with time; if 𝑃 = 1, the
hazard rate is constant with time and reduces to the exponential distribution hazard rate. For loglogistic model, if 𝑃 > 1, the hazard rate increases in duration from zero to an infection point, and
decreases toward zero thereafter; if 𝑃 ≤ 1, the hazard rate is decreasing with time monotonically.
3.3.3 Proportional Hazards Model
The proportional-hazards model assumes that the covariates, which are factors that affect
pavement distress initiation, act multiplicatively on some underlying hazard function. The
underlying hazard function is denoted by ℎ0 (𝑡), and is the hazard function assuming that all
elements of a covariate vector 𝑋 are zero. Thus, the hazard rate with covariates is shown in
Equation (3.6).
ℎ(𝑡|𝑋) = ℎ0 (𝑡)𝑒 𝛽𝑋

(3.6)

The proportional-hazards model consists of two parts: a parametric component and a
nonparametric component. For Cox proportional-hazards model, the ℎ0 (𝑡) is an arbitrary
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unspecified baseline hazard function which will be estimated [95]. For Weibull, and log-logistic
proportional-hazards models, the corresponding hazard functions are applied.
3.3.4 Account for Right Censored Data
Maximum likelihood estimation (MLE) procedure can be used to estimate the parameters
of interest (𝛽, 𝜆, 𝑃). To account for right censored data, a dummy variable 𝑐𝑖 can be defined as
follows: 𝑐𝑖 = 0 if a given pavement section 𝑖 is right censored at time 𝑡 and 1 otherwise. If
pavement distress is observed in the survey data, the condition density of 𝑇 = 𝑡 is
𝑓(𝑡, 𝑋, 𝛽, 𝜆 , 𝑃). While, if pavement distress is not observed in the survey data, the probability
that 𝑇 is censored is 𝑃(𝑇 ≥ 𝑡) = 1 − 𝐹(𝑡) = 𝑆(𝑡) = 𝑆(𝑡, 𝑋, 𝛽, 𝜆 , 𝑃) where 𝑡 is the time at which
data collection is ended. Then, the conditional likelihood function for pavement section 𝑖 is
shown in Equation (3.7).
𝑙𝑖 = 𝑓(𝑡𝑖 , 𝑋𝑖 , 𝛽, 𝜆 , 𝑃)𝑐𝑖 𝑆(𝑡𝑖 , 𝑋𝑖 , 𝛽, 𝜆 , 𝑃)1−𝑐𝑖

(3.7)

Because different pavement sections are assumed to be statistically independent, the
likelihood and log-likelihood functions are illustrated in Equation (3.8) and Equation (3.9),
respectively.
𝐿(𝛽, 𝜆 , 𝑃) = ∏𝑛𝑖=1[𝑓(𝑡𝑖 , 𝑋𝑖 , 𝛽, 𝜆 , 𝑃)𝑐𝑖 𝑆(𝑡𝑖 , 𝑋𝑖 , 𝛽, 𝜆 , 𝑃)1−𝑐𝑖 ]

(3.8)

𝐿𝐿(𝛽, 𝜆 , 𝑃) = ∑𝑛𝑖=1[𝑐𝑖 𝑙𝑜𝑔(𝑓(𝑡𝑖 , 𝑋𝑖 , 𝛽, 𝜆 , 𝑃)) + (1 − 𝑐𝑖 )𝑙𝑜𝑔(𝑆(𝑡𝑖 , 𝑋𝑖 , 𝛽, 𝜆 , 𝑃))]

(3.9)

3.3.5 Account for Unobserved Heterogeneity
To account for the section-related unobserved heterogeneity, a random parameter hazard
duration model can be developed to allow some coefficients of 𝛽𝑗 ′s (𝛽𝑗 is a subset vector of 𝛽) to
vary across pavement section 𝑖, rather than to be fixed as they are in traditional duration models.
A simulation based MLE procedure can be used to estimate the parameters of the interest. The
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equation of random coefficients 𝛽𝑖𝑗 is given as 𝛽𝑖𝑗 = 𝛽𝑗 + 𝜑𝑖𝑗 , where 𝜑𝑖𝑗 is a randomly
distributed term with mean 0 and variance 𝜎𝑗𝑟2 .
3.4 Model Estimation and Validation
The software package NLOGIT 5.0 [96] was used to estimate the Cox proportionalhazards model, Weibull model, Weibull model with gamma heterogeneity, log-logistic model,
and random parameters Weibull model, respectively. The 𝜒 2 likelihood ratio test was conducted
to compare the proportional hazard models. Based on statistical test results, the random
parameters Weibull duration model was selected for modeling pavement distress initiation,
which provides the best overall fit. The model validation result for fatigue cracking initiation is
illustrated in Figure 3.10. As we can see in the Figure, the survival curve of Weibull proportional
hazard model is pretty close to the KMPLE survival curve.

Figure 3.10 Model validation result for fatigue cracking initiation
Because the hazard and survival models are non-linear, a direct interpretation of the
coefficients is not straightforward. Thus, the hazard ratio was calculated to represent the increase
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on the hazard rate due to a unit increase of exogenous variable. The random parameters Weibull
duration models for the initiation of fatigue cracking, severe rutting, wheel-path longitudinal
cracking, non-wheel path longitudinal cracking, and transverse cracking are illustrated in Table
3.4 through Table 3.8, respectively. All the estimated variables in the final model were
statistically significant at a 95% confidence level.
Table 3.4 Survival analysis for post-overlay pavement fatigue cracking initiation
tVariable Description
Coefficient
Statistic
Constant

Hazard
Ratio

-2.109

-29.28

-

Asphalt overlay thickness (inches)

-0.075

-9.31

0.73

Milling Indicator

-0.125

-3.99

0.59

Recycled material indicator

0.140

4.23

1.80

Endogenous overlay design

-0.067

-2.32

0.75

Pre-overlay pavement fatigue cracking indicator

0.130

4.51

1.73

0.136

8.75

1.77

(0.099)

(17.59)

-

Bound base indicator

0.086

2.86

1.44

Base layer thickness (in inches)

-0.027

-7.77

0.89

Fine Subgrade indicator

-0.132

-4.36

0.57

AESAL (in 1000 ESAL)

0.054

4.42

1.25

Wet freeze climate zone

-0.175

-2.64

0.61

P (shape parameter of the distribution)

4.200

23.09

-

λ (scale parameter of the distribution)

0.083

40.87

-

Overlay design and original pavement performance

Pavement structural and material characteristics
Average deflection at the center of load plate (0.1 mm)
(standard deviation for the random parameter)

Traffic and climate factors

Number of observations
Number of estimated parameters
Log-likelihood at convergence

2705
14
-449.48
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Table 3.5 Survival analysis for post-overlay pavement severe rutting occurrence
tVariable Description
Coefficient
Statistic
Constant
-5.663
-13.40

Hazard
Ratio
-

Overlay design and original pavement performance
Asphalt overlay thickness (inches)

-0.032

-2.00

0.89

Recycled material indicator

-0.182

-2.68

0.52

Endogenous overlay design

-0.154

-1.93

0.57

Pre-overlay pavement rut depth (mm)

0.032

4.05

1.12

As-built pavement rut depth (mm)

0.229

11.94

2.29

Average deflection at the center of load plate (0.1 mm)

0.115

3.51

1.52

Base layer thickness (inches)

0.030

4.20

1.11

Subbase indicator

0.306

4.06

3.03

Fine Subgrade indicator

0.200

3.20

2.07

AESAL (in 1000 ESAL)

0.159

5.91

1.78

Range of Temperature

0.015

2.18

1.06

Annual precipitation

-0.013

-2.07

0.95

P (shape parameter of the distribution)

3.621

14.00

-

λ (scale parameter of the distribution)

0.026

12.07

-

Pavement structural and material characteristics

Traffic and climate factors

Number of observations
Number of estimated parameters
Log-likelihood at convergence

4381
14
-299.47
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Table 3.6 Survival analysis for post-overlay wheel-path longitudinal cracking initiation
tHazard
Variable Description
Coefficient
Statistic
Ratio
Constant

-1.674

-13.40

-

Asphalt overlay thickness (inches)

-0.068

-5.01

0.83

Recycled material indicator

0.168

2.98

1.59

Endogenous overlay design

-0.373

-7.09

0.36

0.007

0.28

1.02

(0.101)

(11.06)

-

Bound base indicator

0.321

6.69

2.42

Subbase indicator

0.341

6.72

2.55

Fine Subgrade indicator

0.092

1.73

1.29

Wet freeze climate zone

0.430

5.99

3.26

P (shape parameter of the distribution)

2.747

15.28

-

λ (scale parameter of the distribution)

0.078

26.90

-

Overlay design and original pavement performance

Pavement structural and material characteristics
Average deflection at the center of load plate (0.1 mm)
(standard deviation for the random parameter)

Traffic and climate factors

Number of observations
Number of estimated parameters
Log-likelihood at convergence

3079
11
-272.38
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Table 3.7 Survival analysis for post-overlay non-wheel path longitudinal cracking initiation
tHazard
Variable Description
Coefficient
Statistic
Ratio
Constant
-1.964
-7.01
(standard deviation for the random parameter)

(0.412)

(6.19)

-

Asphalt overlay thickness (inches)

-0.030

-2.77

0.93

Milling indicator

-0.170

-2.32

0.65

Recycled material indicator

0.170

3.27

1.53

Endogenous overlay design

0.088

7.22

1.25

Pre-overlay longitudinal cracking indicator

0.119

2.64

1.35

Average deflection at the center of load plate (0.1 mm)

-0.080

-4.25

0.82

Base layer thickness (inches)

-0.019

-3.14

0.95

Subbase indicator

0.233

3.90

1.79

Range of temperature

0.031

4.73

1.08

Wet freeze climate zone

0.347

5.20

2.38

P (shape parameter of the distribution)

2.504

18.49

-

λ (scale parameter of the distribution)

0.201

36.35

-

Overlay design and original pavement performance

Pavement structural and material characteristics

Traffic and climate factors

Number of observations
Number of estimated parameters
Log-likelihood at convergence

1579
13
-204.38
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Table 3.8 Survival analysis for post-overlay transverse cracking initiation
Coefficient

tStatistic

Hazard
Ratio

-2.107

-5.58

-

0.476

3.12

Asphalt overlay thickness (inches)

-0.099

-5.63

0.79

Milling × transverse cracking indicator

-0.222

-2.73

0.59

Recycled material indicator

0.167

2.29

1.48

Endogenous overlay design

-0.129

-6.40

0.74

Pre-overlay transverse cracking indicator

0.317

5.36

2.10

Average deflection at the center of load plate (0.1 mm)

-0.019

-2.55

0.96

Subbase indicator

0.241

4.42

1.76

Range of temperature

0.031

2.69

1.08

P (shape parameter of the distribution)

2.504

18.49

-

λ (scale parameter of the distribution)

0.201

36.35

-

Variable Description
Constant
(standard deviation for the random parameter)
Overlay design and original pavement performance

Pavement structural and material characteristics

Traffic and climate factors

Number of observations
Number of estimated parameters
Log-likelihood at convergence

1904
11
-238.89

3.5 Discussion of Results
Based on the estimated models, the shape parameter for Weibull distribution is found to
be larger than one for all distress models. It indicates that the hazard rate is increasing with the
pavement age, which is consistent with practice. The effects of contributing factors on postoverlay pavement distress initiation are summarized in Table 3.9.
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Table 3.9 Hazard ratio of some contributing factors in distress initiation models
Variable Description
FC
SR
LWP LNWP

TC

Asphalt overlay thickness (inches)

0.73

0.89

0.83

0.93

0.79

Milling indicator (× TC indicator)

0.59

-

-

0.65

(0.59)

Recycled material indicator

1.80

0.52

1.59

1.53

1.48

Endogenous overlay design indicator

0.75

0.57

0.36

1.25

0.74

Pre-overlay pavement distress

1.73

1.12

-

1.35

2.10

Average deflection at the center (0.1 mm)

1.77

1.52

1.02

0.82

0.96

Fine subgrade indicator

0.57

2.07

1.29

-

-

AESAL (in 1000 ESAL)

1.25

1.78

-

-

-

Wet freeze climate zone

0.61

-

3.26

2.38

-

3.5.1 Asphalt Overlay Design Factors
Based on Table 3.9, asphalt overlay thickness is identified to have a significant effect on
all pavement distress initiations. To be specific, 25 mm (one inch) increase in asphalt overlay
thickness can be related to a 27% decrease in the hazard rate of fatigue cracking initiation, a 11%
decrease in the hazard rate of severe rutting occurrence, a 17% decrease in the hazard rate of
wheel-path longitudinal cracking initiation, a 7% decrease in the hazard rate of non-wheel path
longitudinal cracking initiation, and a 21% decrease in the hazard rate of transverse cracking
initiation. This is consistent with findings from two previous studies. In 2010, Aguiar-Moya et al.
found that 25 mm (one inch) increase in asphalt layer thickness would lead to a 12% decrease in
the hazard rate of severe rutting [49]. In 2014, Dong and Huang found that, relative to 50-mm
asphalt overlay, 125-mm asphalt overlay has a significant effect on retarding the initiation of
fatigue cracking [71].
Relative to virgin asphalt material, the implementation of 30% reclaimed asphalt
pavement (RAP) material would lead to an 80% increase in the hazard rate of fatigue cracking
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initiation, a 48% decrease in the hazard rate of severe rutting occurrence, a 59% increase in the
hazard rate of wheel-path longitudinal cracking initiation, a 53% increase in the hazard rate of
non-wheel path longitudinal cracking initiation, and an 48% increase in the hazard rate of
transverse cracking initiation. Several previous studies also found that mixtures with high
contents of recycled materials are stiffer, more brittle, and more prone to fatigue, thermal,
reflection, block, and top-down cracking during the service life of the pavement [97-100].
Relative to regular asphalt overlay, milling before asphalt overlay would result in a 41%
decrease in the hazard rate of fatigue cracking initiation and a 35% decrease in the hazard rate of
non-wheel path longitudinal cracking initiation, which is consistent with findings from one
previous study [71]. Milling operation does not affect the occurrence probability of severe rutting
and wheel-path longitudinal cracking. In addition, milling operation would have a significant
effect on reducing the occurrence probability of post-overlay pavement transverse cracking when
the original pavement experiences the transverse cracks. This is because milling operation
eliminates the pavement distress on the existing pavement and improves the bond condition
between asphalt overlay layer and the existing pavement layer [101].
Endogenous overlay design indicator is identified to have significant effect on the
occurrence probability of all pavement distresses. For fatigue cracking, severe rutting, wheelpath longitudinal cracking, and transverse cracking, ignorance of endogenous overlay design
would result in an underestimation of post-overlay pavement service life. Relative to
experimental overlay design, the design conducted by highway agencies would result in a
significant decrease in the hazard rate of the above major pavement distresses.
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3.5.2 Pre-overlay Pavement Performance
The presence of fatigue cracking in the original pavement would increase the hazard rate
of post-overlay fatigue cracking initiation by 73%, which indicates that pre-overlay pavement
fatigue cracking should be carefully addressed before new layers are placed. As-built pavement
rut depth is identified to have extremely significant effect on the occurrence of severe rutting on
post-overlay pavement. To be specific, 1 mm increase in as-built pavement rutting would result
in a 129% increase in the hazard rate of severe rutting occurrence, which indicates that as-built
pavement rut depth would better be selected as a construction quality control (QC) indicator.
Pre-overlay non-wheel path longitudinal cracking and transverse cracking are also identified to
have significant effects on post-overlay cracking initiation. However, the presence of wheel-path
longitudinal cracking on original pavement is not identified to have a significant effect on postoverlay wheel-path longitudinal cracking.
3.5.3 Pavement Structural Characteristics
As-built pavement deflection is identified to have a significant effect on the occurrence
probability of all pavement distresses considered in the study. With 0.1 mm increase of average
deflection at the center of 40-kN load plate in falling weight deflectometer (FWD) test for asbuilt pavement, the hazard rate of fatigue cracking and severe rutting would increase by an
average of 77% and 52%, respectively. However, 0.1 mm increase of average deflection at the
center of 40-kN load plate in FWD test of as-built pavement would result in an 18% decrease in
the hazard rate of non-wheel path longitudinal cracking. Overall, in order to control the initiation
of fatigue cracking and severe rutting, the FWD test is necessary in as-built pavement QC test.
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3.5.4 Traffic and Climate Factors
The annual average daily equivalent single axle load is identified to have a significant
effect in occurrence probability of fatigue cracking and severe rutting. Wet freeze climate zone
and temperature range are identified to affect the occurrence probability of longitudinal cracking
and transverse cracking significantly. An increase of one million ESALs in the annual traffic
volume would result in a 25% increase in the hazard rate of fatigue cracking initiation and a 78%
increase in the hazard rate of severe rutting occurrence.
3.6 Summary and Conclusions
This chapter aims to evaluate the effect of endogenous overlay design and continuous
asphalt overlay thickness on the initiation of various cracking and severe rutting. The asphalt
overlay projects from the LTPP SPS-3, SPS-5, and GPS-6 programs were incorporated for model
development. Instead of regarding asphalt overlay design thickness as a binary variable (“thin
overlay” versus “thick overlay”), the actual asphalt overlay thickness extracted from pavement
core testing data was treated as a continuous variable in the data analysis. For addressing the
endogenous overlay design issue, experimental pavement studies and general pavement studies
were combined and used in the model development. A series of random parameters Weibull
duration models were proposed to simultaneously address endogenous overlay design issue,
between-section unobserved heterogeneity issue, and data censoring issue. Based on the
discussion of model estimation results, conclusions are drawn as follows.
Endogenous asphalt overlay design and asphalt overlay thickness are identified to have
significant effect on the occurrence probability of all pavement distresses. Ignorance of
endogenous overlay issue would result in an underestimation of post-overlay pavement service
life. A 25 mm increase in asphalt overlay thickness may decrease the occurrence hazard rates of
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fatigue cracking, severe rutting, wheel-path longitudinal cracking, non-wheel path longitudinal
cracking, and transverse cracking by 27%, 11%, 17%, 7%, and 21%, respectively.
Relative to virginal asphalt material, the implementation of 30% RAP material would
accelerate the occurrence probability of all pavement cracking, especially for fatigue cracking.
While, it would reduce the hazard rate of severe rutting occurrence. In addition, milling before
asphalt overlay can reduce the hazard rates of fatigue cracking and non-wheel path longitudinal
cracking by 41% and 35%, respectively. While, milling before asphalt overlay is not identified to
have significant effect on severe rutting and wheel-path longitudinal cracking.
The presence of fatigue cracking, as-built pavement rutting, and as-built pavement
deflection are identified to have significant effect on post-overlay pavement deterioration. In
addition, annual traffic volume in terms of ESALs and wet freeze climate zone are also identified
as the significant contributing factors in pavement distress forecast models.
In practice, based on the above major findings, several countermeasures for increase postoverlay pavement service life are suggested as follows. If the pavement performance model is
developed with only LTPP GPS data, the forecast accuracy may be severely biased due to the
endogenous overlay design conducted by pavement engineers. When original pavements suffer
severe fatigue cracking, the inclusion of 30% RAP material in the overlay may be a concern. The
FWD test and pavement rutting resistance test are necessary in the construction quality control
process of asphalt overlay projects.
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Chapter 4: Post-overlay Pavement Roughness Progression Model

4.1 Introduction
The post-overlay pavement roughness progression can be used to predict pavement
deterioration process, which is useful for scheduling pavement rehabilitation activities timely.
The objective of this chapter is to fill the research gap identified in Section 2.6.2 of Chapter 2 by
developing a comprehensive post-overlay flexible pavement IRI progression model with the
national-level panel data. To be specific, this chapter aims to (1) quantify the effects of asphalt
overlay design factors on as-built IRI and post-overlay IRI progression rate, (2) quantify the
effects of the other contributing factors (e.g., original pavement performance, pavement structure
characteristics, traffic loadings, and climatic factors) on as-built IRI and post-overlay IRI
progression rate, and (3) test and resolve the potential endogenous overlay design issue,
between-section unobserved heterogeneity issue, and within-section serial correlation issue in
pavement performance modeling.
The remainder of this chapter is structured as follows. The data collection process and
descriptive analysis are presented in Section 4.2. The model formulations for as-built IRI and
post-overlay IRI progression are illustrated in Section 4.3. The IRI reduction model and postoverlay IRI progression model estimation and validation results are presented in Section 4.4. In
Section 4.5, discussions about the effects of significant contributing factors on as-built IRI and
post-overlay IRI are provided. Finally, Section 4.6 summarizes the major findings and provides
suggestions for pavement M&R.
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4.2 Data Collection and Description
4.2.1 Data Collection
The asphalt overlay projects and potential variables used in this chapter were similar to
Chapter 3. However, the selection criteria for asphalt overlay projects are a little different from
the last chapter. To be specific, pre-overlay pavement performance measurements and 15 years’
post-overlay roughness data for the selected test sections were thoroughly evaluated for
completeness and reasonableness. Test sections whose pre-overlay pavement performance
measurements were missing were excluded. Some post-overlay IRI missing data were
complemented with an interpolation of data measured during the previous and next survey year,
while other pavement sections whose post-overlay IRI data were not available for 15 years were
excluded in the study. In the end, 271 asphalt overlay projects on flexible pavement (i.e., 32
SPS-3 test sections, 146 SPS-5 test sections, and 93 GPS-6 test sections) were identified.
4.2.2 Descriptive Analysis
The descriptive statistics of the potential independent variables used in the IRI reduction
model and the post-overlay IRI progression model are summarized in Table 4.1. As shown in
Table 4.1, the minimum value, mean value, and maximum value of as-built IRI are about 0.43
m/km (27 inches/mile), 0.90 m/km (57 inches/mile), and 2.18 m/km (138 inches/mile),
respectively. Due to the implementation of asphalt overlay, the IRI reduction value varies from
0.03 m/km (2 inches/mile) and 4.15 m/km (263 inches/mile). The mean value and standard
deviation of as-built pavement IRI are 0.90 m/km (57 inches/mile) and 0.27 m/km (17
inches/mile), respectively. The minimum value, mean value, and maximum value of asphalt
overlay thickness are 12.7 mm (0.5 inches), 88.9 mm (3.5 inches), and 236.22 mm (9.3 inches),
respectively.
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Table 4.1 Descriptive statistics of key variables in post-overlay roughness models
Variable Description

Mean

Standard Minimum Maximum
Deviation

International roughness index (IRI)
Original pavement IRI (inches/mile)

113.887

45.802

47.267

347.276

As-built pavement IRI (inches/mile)
IRI reduction due to overlay (inches/mile)

56.870
57.017

17.046
42.362

27.562
1.647

137.618
262.881

0.343

0.475

0.000

1.000

Asphalt overlay thickness (inches)

3.546

1.948

0.500

9.300

Asphalt milling indicator (1 if original pavement is
milled before asphalt overlay, 0 otherwise)

0.524

0.499

0.000

1.000

Recycled material indicator (1 if overlay material
consists of 30% recycled asphalt mixture, 0 otherwise)

0.255

0.436

0.000

1.000

8.490
10.675
0.395

16.359
5.128
0.490

0.000
0.000
0.000

92.160
29.000
1.000

Pavement structural and material characteristics
Maximum FWD deflection on as-built pavement (µm) 219.552
Asphalt layer thickness before overlay (inches)
5.000
Base layer thickness (inches)
7.413
Subbase layer thickness (inches)
9.956

108.805
3.028
4.402
9.137

47.000
1.100
0.000
0.000

613.000
18.000
24.600
31.000

2.421

0.000

13.700

0.464

0.000

1.000

0.304

0.000

1.000

Asphalt overlay design factors
Endogenous overlay design indicator (1 if roadway
section is in the LTPP GPS program, 0 otherwise)

Original pavement performance
Relative fatigue cracking area (%)
Rut depth (RD) (mm)
Severe rutting indicator (1 if RD>10 mm, 0 otherwise)

Bounded subbase layer thickness (inches)
0.725
Fine-grained subgrade indicator (1 if subgrade 0.314
material is fine-grained soil, 0 otherwise)
Subsurface drainage indicator (1 if subsurface 0.103
drainage exists, 0 otherwise)
North central region indicator (1 if roadway section is 0.133
in the LTPP north central region, 0 otherwise)
Traffic loadings and climatic factors
AESAL (in 106 ESAL)
0.801
Annual average freezing index (°C·days)
323.188

0.339

0.000

1.000

1.254
460.860

0.013
0.000

5.896
1719.800

Annual average precipitation (mm)

469.119

84.910

2630.180

843.317

4.2.2.1 As-built Pavement Roughness
The relationships among initial IRI, as-built IRI, and IRI reduction of asphalt overlay
projects are illustrated in Figure 4.1. As can be seen in the figure, the IRI reduction value
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increases linearly with the initial IRI. While, the linear relationship between initial IRI and asbuilt IRI is vague. Thus, instead of using as-built IRI as the dependent variable [58], IRI
reduction value would better be selected as the dependent variable for as-built pavement
roughness prediction. Based on model fitting result, the relationship between the sample mean of
̂𝑅 ) and the sample mean of initial IRI (𝐼𝑅𝐼
̂𝐵 ) were fitted in a linear
IRI reduction value (𝐼𝑅𝐼
̂𝑅 = 0.864 𝐼𝑅𝐼
̂𝐵 − 41.068 (R2 = 0.8728).
function: 𝐼𝑅𝐼

Figure 4.1 Relationship among initial IRI, as-built IRI, and IRI reduction
4.2.2.2 Post-overlay Pavement Roughness Progression
The relationship between the 𝑡𝑡ℎ year average post-overlay IRI value (𝐼𝑅𝐼 𝑡 ) and overlay
age (𝑡) for all asphalt overlay projects is shown in Figure 4.2. The error bar represents one
standard error range of annual average IRI in the sample data. As can be seen in Figure 4.3, the
average post-overlay IRI increases nonlinearly with asphalt overlay age. Based on model fitting
̂ 𝑡 ) and overlay age (𝑡̂) were
result, the sample mean of yearly based post-overlay IRI value (𝐼𝑅𝐼
̂ 𝑡 = 52.874𝑒 0.0432𝑡̂ (R2 = 0.9972). In addition, the standard
fitted in an exponential function: 𝐼𝑅𝐼
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error of average post-overlay IRI is increasing with asphalt overlay age, indicating that positive
time-series correlation issue might exist in post-overlay IRI progression.

Figure 4.2 Relationship between post-overlay IRI and asphalt overlay age
4.3 Methodology
The post-overlay roughness sample data are panel data, which were collected from 271
roadway sections over 15 years. With this kind of data, the same pavement structure, traffic
loading, and weather condition would become an idiosyncratic factor that affects all roughness
measurements from the same roadway section, resulting in multiple correlated measurements.
Since time-sequence roughness data are grouped by roadway sections, the independence
assumption of OLS regression would be violated [93]. Thus, a panel data modeling approach is
required.
In addition, most of previous post-overlay pavement roughness progression models have
the following three statistical modeling estimation issues: (1) endogenous overlay design issue;
(2) between-section unobserved heterogeneity issue; (3) within-section time-series correlation
issue. To simultaneously address the above three issues for post-overlay roughness progression
models, a random coefficients panel data model with autocorrelation is proposed. To be specific,
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the IRI reduction model structure and post-overlay IRI model structure are illustrated in the
following two subsections.
4.3.1 Random Coefficients Linear Regression
As illustrated in the descriptive analysis, the relationship between IRI reduction and
original IRI is linear. The IRI reduction model can be developed as follows.
𝐼𝑅𝐼𝑖𝑅 = 𝛽0 + 𝛽1 𝑋𝑖1 + 𝛽2 𝑋𝑖2 + ⋯ + 𝛽𝑝 𝑋𝑖𝑝 + 𝜀𝑖

(4.1)

where, 𝐼𝑅𝐼𝑖𝑅 is the IRI reduction of roadway section 𝑖; (𝑋𝑖1 , 𝑋𝑖2 , ⋯ , 𝑋𝑖𝑝 ) is a vector of possible
section-specific contributing factors (e.g., original IRI, asphalt overlay design parameters, and
pre-overlay pavement performance) for pavement section 𝑖; (𝛽0 , 𝛽1 , ⋯ , 𝛽𝑝 ) is a vector of
estimable parameters; and 𝜀𝑖 is a random error term that follows a normal distribution
(𝜀𝑖 ~𝑁(0, 𝜎 2 )). Then, as-built IRI is expressed as follows.
𝐼𝑅𝐼𝑖0 = 𝐼𝑅𝐼𝑖𝐵 − 𝐼𝑅𝐼𝑖𝑅

(4.2)

where, 𝐼𝑅𝐼𝑖0 and 𝐼𝑅𝐼𝑖𝐵 represent the as-built IRI and original IRI of pavement section 𝑖,
respectively. To address the section heterogeneity issue in the IRI reduction model, a random
coefficients linear regression model is developed to allow some coefficients (𝛽𝑗 ) to vary across
pavement sections, rather than to be fixed as they are in traditional linear regression models. The
equation of random coefficients (𝛽𝑖𝑗 ) is given as follows.
𝛽𝑖𝑗 = 𝛽𝑗 + 𝜑𝑖𝑗

(4.3)

where, 𝜑𝑖𝑗 is a randomly distributed term with mean 0 and variance 𝜎𝑖𝑗2 .
To address the endogenous issue, the dummy variable for endogenous overlay design
indicator (Table 4.1) is set as a proxy variable. Since asphalt overlay design of the LTPP SPS-3
and SPS-5 programs were conducted with a predetermined and well-controlled experimental
design, the asphalt overlay design parameters are exogenous variables. Then, the random
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coefficient for the proxy variable can be used to address the potential endogeneity bias in asphalt
overlay projects of LTPP GPS-6 program.
4.3.2 Random Coefficients Linear Regression with Autocorrelation
As illustrated above, the relationship between IRI and overlay age can be expressed in an
exponential function. The post-overlay IRI progression model is developed as follows.
𝑡

𝑡

𝑡

𝐼𝑅𝐼𝑖𝑡 = 𝐼𝑅𝐼𝑖0 𝑒 (𝛾1 𝑌𝑖1 +𝛾2 𝑌𝑖1 +⋯+𝛾𝑝 𝑌𝑖1 )𝑡+𝜇𝑖𝑡

(4.4)

where, 𝐼𝑅𝐼𝑖𝑡 is the IRI of pavement section 𝑖 measured at overlay age 𝑡; 𝐼𝑅𝐼𝑖0 is as-built IRI of
pavement section 𝑖; (𝑌𝑖1𝑡 , 𝑌𝑖2𝑡 , ⋯ , 𝑌𝑖3𝑡 ) is a vector of possible independent variables for pavement
section 𝑖 measured at overlay age 𝑡; (𝛾1 , ⋯ , 𝛾𝑝 ) is a vector of estimable parameters; 𝑡 is the
number of years elapsed after asphalt overlay; 𝜇𝑖𝑡 is a random error term (𝜇𝑖𝑡 ~𝑁(0, 𝜎𝑖𝑡2 )). The
above model form can be adjusted as follows.
Υ𝑖𝑡 = (𝛾1 𝑌𝑖1𝑡 + 𝛾2 𝑌𝑖1𝑡 + ⋯ + 𝛾𝑝 𝑌𝑖1𝑡 )𝑡 + 𝜇𝑖𝑡

(4.5)

where, Υ𝑖𝑡 = 𝑙𝑜𝑔𝑒 (𝐼𝑅𝐼𝑖𝑡 ⁄𝐼𝑅𝐼𝑖0 ) is the average natural logarithmic value of post-overlay IRI
progression rate of pavement section 𝑖 over time 𝑡.
To address the section heterogeneity in the IRI panel data, the post-overlay IRI
progression rate model can be presented as follows.
Υ𝑖𝑡 = (𝛾1 𝑌𝑖1𝑡 + 𝛾2 𝑌𝑖1𝑡 + ⋯ + 𝛾𝑝 𝑌𝑖1𝑡 )𝑡 + 𝜐𝑖 + 𝜇𝑖𝑡

(4.6)

where, 𝜐𝑖 is a pavement section-specific error term (𝜐𝑖 ~𝑁(0, 𝜎𝜐2 )). The error term captures the
cross-sectional heterogeneity over different pavement sections, which assumes a random
intercept for each pavement section. This effectively resolves the section-specific dependence
that stems from multiple measurements on the same pavement section [75].
To address the possible unobserved heterogeneity, the model (4.6) can be developed to
allow some coefficients (𝛾𝑘 ) to vary across pavement sections, rather than to be fixed as they are
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in traditional linear regression models [75, 102]. The random coefficients (𝛾𝑖𝑘 ) is given as
follows.
𝛾𝑖𝑘 = 𝛾𝑘 + 𝜓𝑖𝑘

(4.7)

where, 𝜓𝑖𝑘 is a randomly distributed term with mean 0 and variance 𝜎𝑘2 .
To address within-section serial correlation issue, the above random coefficient linear
model can be adjusted with an auto-correlated error structure [76], which is illustrated as follows.
𝜇𝑖𝑡 = 𝜌𝜇𝑖𝑡−1 + 𝜂𝑖𝑡

(4.8)

where, 𝜂𝑖𝑡 follows an independent and identical normal distribution (𝜂𝑖𝑡 ~𝑁(0, 𝜎𝜂2 )).
4.4 Model Estimation and Validation
The software package R [103] was used to estimate the IRI reduction model and postoverlay IRI progression model with the collected data. The model estimation and validation
process for IRI reduction and post-overlay IRI progression are illustrated as follows.
4.4.1 As-built Pavement Roughness Model
In the estimation of a fixed coefficient linear regression model, the outlier test was firstly
conducted to identify the possible outliers in the data. After removing one identified outlier, the
Box-Cox transformation was conducted to check whether the transformation of response variable
is needed [76]. Based on the Box-Cox transformation analysis result in Figure 4.3, the exponent
(λ) was very close to one, indicating that IRI reduction did not need to be transformed. Then, the
quantile-quantile (q-q) plot and residual plot were drew to check whether the residuals are
normally and randomly distributed. Based on q-q plot (as shown in Figure 4.4) and residual plot
(as shown in Figure 4.5), the linear regression model is appropriate for modeling IRI reduction.
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Figure 4.3 Box-Cox transformation analysis result of IRI reduction model

Figure 4.4 Quantile-quantile (Q-Q) plot for IRI reduction model
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Figure 4.5 Residue plot for IRI reduction model
To address the unobserved heterogeneity issue and endogenous bias, a random coefficient
linear model was proposed by considering the coefficient of endogenous overlay design indicator
(proxy variable) as random. In the estimation of random coefficient linear model, several
assumptions on the distribution of random coefficient were evaluated with a simulated maximum
likelihood approach [75, 104]. Then, the F-test was conducted to check whether the random
coefficient linear model is better than its fixed coefficient version. Based on the F-test result (p
value <0.01), the random coefficient linear regression model was preferable.
To further validate the IRI reduction model, the k-fold cross validation method (k=9) was
applied to partition the sample data into a training set and a validation set randomly. The
regression equation of the model fit to the training set was used to make predictions of the
dependent variable for the validation set. Then, the mean squared prediction error (MSPE) over
out-of-sample data (i.e., validation set) was calculated to evaluate how well the model would
predict in the future. Based on 9-fold cross validation result, the MSPE values over out-ofsample data in multiple times are stable and small (less than 0.15 m/km). It indicates that the IRI
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reduction model has a good prediction accuracy. The final IRI reduction model estimation results
are shown in Table 4.2.
Table 4.2 Random coefficients linear regression model for IRI reduction
Variable description

Coefficient

t-Statistic

-40.5963

-15.83

Asphalt overlay thickness (inches)

1.3479

3.22

Pre-overlay IRI (inches/mile)

0.7473

36.86

Asphalt milling indicator × pre-overlay IRI (inches/mile)

0.0708

5.33

Endogenous overlay indicator × pre-overlay IRI (inches/mile)

0.0539

4.19

(0.0613)

(6.08)

North central region indicator × pre-overlay IRI (inches/mile)

0.0745

3.91

Pre-overlay pavement relative fatigue cracking area (%)

0.1987

3.19

Pre-overlay severe pavement rutting indicator

-3.912

-2.57

Constant

(standard deviation 𝜎𝑗 for the random coefficient)

Number of observations

270

R-squared

0.9070

Adjusted R-squared

0.9045

Based on the model estimation results, the IRI reduction and as-built IRI can be predicted
with Equation (4.9) and Equation (4.10), respectively.
𝐼𝑅𝐼𝑖𝑅 = −40.596 + [0.747 + 0.071𝑀𝐿 + 𝐸𝑁 ∙ 𝛽 + 0.075𝑁𝑇]𝐼𝑅𝐼𝑖𝐵

(4.9)

+1.348𝑇𝐾 + 0.199𝐹𝐴𝑇 − 3.912𝑅𝑈𝑇 + 𝜀𝑖
𝐼𝑅𝐼𝑖0 = 40.596 + [0.253 − 0.071𝑀𝐿 − 𝐸𝑁 ∙ 𝛽 − 0.075𝑁𝑇]𝐼𝑅𝐼𝑖𝐵
−1.348𝑇𝐾 − 0.199𝐹𝐴𝑇 + 3.912𝑅𝑈𝑇 + 𝜀𝑖

(4.10)

where, 𝐼𝑅𝐼𝑖𝐵 , 𝐼𝑅𝐼𝑖𝑅 , and 𝐼𝑅𝐼𝑖0 are original IRI (inches/mile), IRI reduction (inches/mile), as-built
IRI (inches/mile), respectively; 𝑀𝐿 is the milling indicator (1 or 0); 𝐸𝑁 is endogenous overlay
design indicator (1 or 0); 𝑁𝑇 is north central region indicator (1 or 0); 𝑇𝐾 is asphalt overlay
thickness (inches); 𝐹𝐴𝑇 is pre-overlay pavement relative fatigue cracking area (%); 𝑅𝑈𝑇 is preoverlay severe pavement rutting indicator (1 or 0); 𝛽~𝑁(0.054, 0.0612 ); and 𝜀𝑖 is random error.
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Then, based on Equation (4.9), the relationship between predicted IRI reduction and
observed IRI reduction of asphalt overlay projects is illustrated in Figure 4.6, which indicates a
good model prediction accuracy.

Figure 4.6 IRI reduction model prediction effectiveness
4.4.2 Post-overlay Pavement Roughness Progression Model
In the estimation process for the post-overlay IRI progression model, an ordinary least
square regression (OLSR), a fixed coefficient linear regression (FCLR), a random coefficient
linear regression (RCLR), and a random coefficient linear regression with autocorrelation
(RCLRA) were developed, respectively. A series of F test, Breusch-Pagan Lagrange-Multiplier
(BP-LM) test, Hausman test, and Bera, Sosa-Escudero and Yoon locally robust (BSY-LR) test
were performed with the same set of independent variables in the IRI progression model
selection process. The hypothesis test results in the selection process of post-overlay IRI
progression model were summarized in Table 4.3. As we can see in the table, the RCLRA model
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is identified as the suitable post-overlay IRI progression model. The random coefficient postoverlay IRI progression model with autocorrelation is presented in Table 4.4. All the estimated
variables in the model are statistically significant within a 95% confidence level.
Table 4.3 Statistical tests for post-overlay IRI progression model selection
Statistical
Test

Model
A

Model
B

Hypothesis Testing Results

F test

OLSR

FCLR

FCLR is preferable (p-value<0.0001).

BP-LM test

OLSR

RCLR

RCLR is preferable (p-value<0.0001).

Hausman test

FCLR

RCLR

RCLR is preferable (p-value=0.8838).

BSY-LR test

RCLR

RCLRA RCLRA model is preferable (p-value<0.0001).

Table 4.4 Random coefficient panel data model for IRI progression rate
Variable description

Coefficient

t-Statistic

1.325×10-2

9.55

Asphalt overlay thickness (inches)

-1.909×10-3

-5.70

Overlay indicator × pavement relative fatigue cracking area (%)

2.365×10-4

3.29

Maximum FWD deflection of as-built pavement (µm)

8.242×10-5

16.46

Bounded subbase layer thickness (inches)

-9.571×10-4

-4.05

Fine-grained subgrade indicator

2.733×10-3

2.21

AESAL (in 106 ESAL)

7.767×10-3

17.75

Annual average freezing index (°C·days)

7.900×10-6

6.48

Spatial heterogeneity parameter 𝜎𝑣

1.802×10-5

17.50

Time-series correlation parameter ρ

9.857×10-1

12.38

Constant (random parameter)
Overlay design and original pavement performance

Pavement structural and material characteristics

Traffic and climate factors

Spatial heterogeneity and temporal correlation

Number of road sections

270

Duration of observations (years)

15

R-squared

0.7381

Adjusted R-squared

0.7376
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In addition, based on the RCLR model estimation results, the individual error (pavement
section heterogeneity) and the idiosyncratic error (section-specific zero-mean random-error)
accounts for 67% and 33% of total variance of the roughness panel data, indicating that
pavement section heterogeneity issue is not negligible. Based on the RCLRA model estimation
results (in Table 4.4), within-section time-series correlation coefficient of error term (ρ) in postoverlay IRI regression model is identified as 0.9857, indicating a high-degree of positive serial
correlation in time-series roughness measurements. This is perhaps associated with the
cumulative effects of pavement deterioration process.
As shown in Table 4.4, the spatial heterogeneity parameter 𝜎𝑣 and time-series correlation
parameter ρ were estimated to address between-section unobserved heterogeneity issue and
within-section serial correlation issue, respectively. Based on the model estimation results, the
post-overlay IRI progression rate and post-overlay IRI can be predicted with Equations (4.11)
through (4.13).
Υ𝑖𝑡 = [

1 − 1.91𝑇𝐾 + 0.24(𝑂𝑉𝑅 ∙ 𝐹𝐴𝑇) + 0.082𝐹𝑊𝐷 −
] 𝑡 × 10−3 + 𝜎𝑖 + 𝜇𝑖𝑡
0.96𝐵𝑆𝑇 + 2.73𝐹𝑆𝐺 + 7.767𝐴𝐸𝑆𝐴𝐿 + 0.008𝐹𝐼

𝜇𝑖𝑡 = 0.9857𝜇𝑖𝑡−1 + 𝜂𝑖𝑡
𝑡

𝐼𝑅𝐼𝑖𝑡 = 𝐼𝑅𝐼𝑖0 𝑒 Υ𝑖

(4.11)
(4.12)
(4.13)

where, 𝐼𝑅𝐼𝑖𝑡 is post-overlay IRI (inches/mile) of pavement section 𝑖 at overlay age 𝑡; 𝐼𝑅𝐼𝑖0 is asbuilt IRI (inches/mile); Υ𝑖𝑡 is the average natural logarithmic value of post-overlay IRI
progression rate of pavement section 𝑖 over 𝑡 years; 𝑇𝐾 is asphalt overlay thickness (inches);
𝑂𝑉𝑅 is asphalt overlay indicator (1 if no milling operation is involved, 0 otherwise); 𝐹𝐴𝑇 is preoverlay pavement relative fatigue cracking area (%); 𝐹𝑊𝐷 is maximum FWD deflection on asbuilt pavement (µm); 𝐵𝑆𝑇 is bounded subbase layer thickness (inches); 𝐹𝑆𝐺 is fine-grained
subgrade indicator (1 or 0); 𝐴𝐸𝑆𝐴𝐿 is annual average daily 80-kN ESAL (in 106 ESAL); 𝐹𝐼 is
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annual average freezing index (°C·days); 𝜎𝑖 ~𝑁(0, 0.0000182 ); 𝜇𝑖𝑡 is a time-series correlated
error; and 𝜂𝑖𝑡 is a random error. Since IRI progression rate is determined by time-series
correlated error, the relationship between IRI progression rate and overlay age is nonlinear.
Based on Equations (4.11) - (4.13), the post-overlay IRI can be predicted with an iterative
approach. The relationship between predicted post-overlay IRI (with or without correlation) and
observed post-overlay IRI of asphalt overlay projects is illustrated in Figure 4.7.

(1) ρ=0 (RCLR model)

(2) ρ=0.9857 (RCLRA model)

Figure 4.7 Post-overlay IRI progression model prediction effectiveness
As can be seen in Figure 4.5, the within-section serial correlation error is not negligible in
the prediction of post-overlay IRI progression. To further quantify the forecasting accuracy of
the random coefficient linear regression with autocorrelation model, the mean absolute
percentage error (MAPE) was calculated with the following equation.
1

𝑇
𝑀𝐴𝑃𝐸 = 𝑁𝑇 ∑𝑁
𝑖=1 ∑𝑡=1 |

̂𝑡 )×100%
(𝐼𝑅𝐼𝑖𝑡 −𝐼𝑅𝐼
𝑖
𝐼𝑅𝐼𝑖𝑡

|

(4.14)

where, 𝑀𝐴𝑃𝐸 is the mean absolute percentage error (%); 𝑁 is the total number of pavement
section (𝑁 = 270); 𝑇 is the total number of years after asphalt overlay (𝑇 = 15). The MAPE
value of RCLR model and RCLRA model are 21.26% and 2.19%, respectively.
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Relative to the other models, the random coefficient linear regression with
autocorrelation model can provide significant improvements in the forecasting accuracy of postoverlay flexible pavement roughness. In practice, the random coefficient linear regression with
autocorrelation model can help highway agencies to schedule pavement maintenance and
rehabilitation timely by predicting the future pavement roughness with a high accuracy.
4.5 Discussion of Results
Based on the proposed IRI reduction model, the relationship between original IRI and IRI
reduction is linear. While, based on the proposed post-overlay IRI progression model, the
relationship between IRI and overlay age is exponential. The specific effects of each contributing
factors on as-built IRI and post-overlay IRI progression are summarized in Table 4.5 and
illustrated as follows.
Table 4.5 Effect of contributing factors on post-overlay IRI progression
Variable Description
As-built IRI
IRI Progression Rate
Asphalt overlay thickness (inches)

reduce

reduce

Milling indicator

reduce

Reduce

30% RAP material indicator

-

-

Endogenous overlay design

reduce

-

Original pavement fatigue cracking area (%)

reduce

increase

Original pavement severe rutting indicator

increase

-

FWD deflection of as-built pavement (µm)

-

increase

Fine subgrade indicator

-

increase

AESAL (in 106 ESAL)

-

increase

Annual average freezing index (°C·days)

-

increase

reduce

-

North central region indicator
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4.5.1 Asphalt Overlay Design Factors
Asphalt overlay design for in-service pavements is carried by highway agencies
endogenously. Based on the sample data, the effects of endogenous and exogenous asphalt
overlays on IRI reduction are compared and illustrated in Figure 4.8. As can be seen in Figure
4.8(a), relative to exogenous asphalt overlays in LTPP SPS programs, the endogenous asphalt
overlays seem to reduce a higher proportion of original pavement roughness, which is also
validated in the proposed IRI reduction model. As shown in Table 4.2, relative to the exogenous
asphalt overlays, endogenous asphalt overlays can reduce as-built roughness by an average of
5.39% of original pavement roughness. As shown in Figure 4.8(b), the specific effect (horizontal
axis value) of endogenous overlay design on IRI reduction over the sample data follows a normal
distribution with a mean of 0.0539 and a standard deviation of 0.0613. This indicates that,
relative to exogenous asphalt overlays, endogenous asphalt overlays nearly always (81% of the
distributing would have a positive value) decrease as-built pavement roughness but with different
magnitude across the population of roadway sections. This finding would effectively avoid
overestimating as-built pavement roughness in practice, resulting in a better prediction of future
pavement roughness.

(a) sample data
(b) IRI reduction model
Figure 4.8 Effect of endogenous overlay design on IRI reduction
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Asphalt overlay design factors consist of overlay material type (30% RAP or virgin),
overlay thickness, and surface preparation before overlay. Based on the proposed as-built IRI
model and post-overlay IRI progression model, the overlay material type is not a significant
contributing factor. The similar findings were reported in several previous studies [105-107]. It
indicates that the application of recycled asphalt mixtures in asphalt overlay projects would not
affect as-built roughness or post-overlay roughness progression rate. In practice, since recycled
asphalt mixes can reduce the use of virgin aggregate and virgin asphalt binder, highway agencies
would achieve significant economic savings and environmental benefits by applying recycled
materials in asphalt overlays [108].
Asphalt overlay thickness is a key factor of asphalt overlay design in practice. Based on
the as-built IRI model in Equation (4.10), the as-built IRI would decrease by 1.35 inches/mile
with 1-inch increase in asphalt overlay thickness. The reduction of as-built IRI may be attributed
to the fact that thicker asphalt overlays typically involve more lifts, which provide a contactor
more opportunity to improve pavement smoothness [69]. Based on the post-overlay IRI
progression model in Equations (4.11) - (4.13), the post-overlay IRI progression rate would
decrease dramatically with an increase of asphalt overlay thickness. This is because pavement
structural capacity would increase with an increase in overlay thickness, resulting in a lower
bending and vertical shear stress in the pavement [105]. Thus, relative to thin asphalt overlays,
thicker asphalt overlays are more effective in delaying the occurrence and deterioration of
reflection cracking, which is the major pavement distress mode in overlaid pavements [6].
Pre-overlay surface preparation is very important for addressing the original pavement
distresses. Asphalt milling is a key component in pre-overlay surface preparation process. Based
on the as-built IRI model in Equation (4.10), relative to asphalt overlays with the same design,
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asphalt milling would provide a smoother as-built pavement by reducing 7.08% more of original
pavement roughness. The finding is consistent with several previous research studies [27, 55,
109]. This is perhaps because milling operation has a great ability to reduce the observable
original pavement distresses and remove a variable original pavement structure layer thickness
[110,111]. Based on post-overlay IRI model in Equations (4.11) - (4.13), the post-overlay IRI
progression rate would increase with an increase of original pavement relative fatigue cracking
area if original pavement is not milled before asphalt overlay. In practice, this finding indicates
that asphalt milling before overlay is strongly suggested when the existing pavement fatigue
cracking is severe.
4.5.2 Pre-overlay Pavement Performance
The original pavement condition has a major effect on post-overlay pavement condition
deterioration process [6]. Based on as-built IRI model in Equation (4.10), the as-built pavement
roughness would increase with an increase of original pavement roughness, which is supported
by several previous studies [69, 107]. Then, as-built pavement roughness would affect the future
post-overlay roughness progression, which affects the fuel consumption of public vehicles. In
practice, to achieve a long-term smooth pavement, the milling operation before asphalt overlay is
strongly suggested when the original pavement roughness is large.
Relative fatigue cracking area is defined as the relative proportion of fatigue cracking
area to total pavement lane area. Based on Equation (4.10), the as-built pavement roughness
would decrease with an increase of original pavement relative fatigue cracking area. This is
because asphalt overlays can address original pavement fatigue cracking effectively. Thus, a high
proportion of roughness which is incurred by fatigue cracking can be reduced. When asphalt
overlay is implemented, the as-built pavement roughness would reduce by about 0.2 inches/mile
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with a 1% increase of original pavement relative fatigue cracking area. Meanwhile, based on
Equation (4.11), original pavement relative fatigue cracking area would have a significant effect
on increasing post-overlay IRI progression rate if the milling operation is not applied before
asphalt overlay. This is because the reflection cracking is more likely to appear on overlaid
pavements when the original pavements suffer fatigue cracking [30]. In practice, this finding
indicates that original pavement fatigue cracking would better be addressed by milling before
asphalt overlay.
In addition, relative to original pavements with low-severity rutting (RD ≤ 10 mm),
original pavements with high-severity rutting (RD >10 mm) would increase as-built pavement
roughness by an average of 3.9 inches/mile when asphalt overlays are applied. This is perhaps
because the variance of overlaid pavement surface layer thickness and as-built initial rutting
depth would be larger when original pavement suffers a more severe rutting. Based on Equation
(4.11), the severity of original pavement rutting does not affect the post-overlay IRI progression
rate. Since the as-built IRI would serve as the baseline of post-overlay IRI progression, milling
operation would better be applied before asphalt overlay when original pavements suffer highseverity rutting in practice.
4.5.3 Pavement Structural and Material Characteristics
Based on post-overlay IRI progression rate model in Equation (4.11), three pavement
structural contributing factors were identified to have significant effects on post-overlay
roughness progression rate. The most significant pavement structural contributing factor is the
maximum FWD deflection of as-built pavement, which is determined as the FWD deflection
value at the center of 40-kN load plate. The post-overlay IRI progression rate increases
dramatically with an increase of as-built pavement structural deflection, which is consistent with

85

the previous research study [105]. In practice, this finding indicates that maximum FWD
deflection can be selected as the major indicator for as-built pavement QC.
In addition, the post-overlay IRI progression rate decreases with an increase of bounded
subbase layer thickness, which is supported by a previous research study [106]. This is because
asphalt or cement treated subbase may increase the overall structural capacity. Relative to
overlaid pavements with coarse-grained subgrade, overlaid pavements with fine-grained
subgrade would have a higher post-overlay IRI progression rate. This is perhaps because, relative
to coarse-grained soils, fine-grained soils are more likely to change under the effects of
environmental factors, such as frost heave and swelling [27, 112].
4.5.4 Traffic and Climate Factors
Based on post-overlay IRI progression rate model in Equation (4.11), annual average
daily equivalent single-axle load and annual average freezing index were identified to affect
post-overlay IRI progression rate significantly. This finding is consistent with several previous
studies [27, 56, 113, 114]. In practice, to counterweigh the effect of traffic loading and climatic
factor on post-overlay IRI progression rate, overlay thickness would better be designed with a
higher value for asphalt overlay projects experiencing heavy traffic loadings and severe weather
conditions.
4.6 Summary and Conclusions
This chapter aims to develop a comprehensive post-overlay flexible pavement roughness
progression model with the national-level panel data. The asphalt overlay projects from the
LTPP SPS-3, SPS-5, and GPS-6 programs were incorporated for model development. In
addition, instead of regarding asphalt overlay design thickness as a categorical variable, the
actual asphalt overlay thickness extracted from pavement core testing data were treated as a
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continuous variable in the data analysis. A random coefficient linear regression with
autocorrelation model was proposed to simultaneously address endogenous overlay design issue,
between-section unobserved heterogeneity issue, and within-section serial correlation issue in
post-overlay roughness progression. Based on the discussion of model estimation results, the
following conclusions were summarized as follows.
Pavement section heterogeneity issue, within-section serial correlation, and endogenous
issue of asphalt overlay design were proved to exist and not be negligible in the development of
post-overlay roughness model. Relative to the random coefficient post-overlay roughness
progression model, the incorporation of within-section serial correlation in the model can reduce
the mean absolute percentage error of prediction value from 21.26% to 2.19%. In addition,
relative to exogenous asphalt overlays with the same design, endogenous asphalt overlays can
reduce as-built pavement roughness by an average of 5.39% of original pavement roughness.
The relationship between original pavement roughness and roughness reduction after
asphalt overlays is validated to be linear while the relationship between post-overlay pavement
roughness and overlay age is validated to be exponential. In addition, due to the existence of
within-section time-series correlation, the relationship between roughness progression rate and
overlay age is nonlinear.
Relative to virgin asphalt mixtures, the application of 30% RAP in asphalt overlays
would not affect as-built pavement roughness or post-overlay pavement roughness progression
rate. The as-built pavement roughness and post-overlay pavement roughness rate would decrease
with an increase of asphalt overlay thickness. Relative to asphalt overlays with the same design,
asphalt milling before overlay can provide a smoother as-built pavement by reducing 7.08%
more of pre-overlay pavement roughness.
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The as-built pavement roughness would decrease with an increase of original pavement
relative fatigue cracking area (the proportion of fatigue cracking area to total lane area) when
asphalt overlays are implemented. In addition, the relative fatigue cracking area of original
pavement would significantly affect post-overlay roughness progression rate if the milling
operation is not applied before asphalt overlay. Relative to original pavements with low-severity
rutting (rut depth ≤ 10 mm), original pavements with high-severity rutting (rut depth > 10 mm)
would increase as-built pavement roughness by an average of 3.9 inches/mile when asphalt
overlays are conducted.
In practice, due to the existence of spatial-related unobserved factors, the proposed model
may not be directly used outside of the United States and Canada. However, the proposed
random coefficients linear regression with autocorrelation model is suitable for evaluating
roughness progression. In addition, the maximum falling weight deflectometer (FWD) deflection
can be selected as the major indicator for as-built pavement QC in asphalt overlay projects.
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Chapter 5: Sustainable Asphalt Overlay Policy Making

5.1 Introduction
The optimal sustainable asphalt policy for a pavement section can be selected with an
integrated LCA-LCCA study. The objective of this chapter is to fill the research gap identified in
Section 2.6.3 of Chapter 2 by developing a comprehensive integrated LCA-LCCA framework.
To be specific, this chapter would evaluate the impacts of detailed asphalt overlay design on lifecycle economic costs and environmental impact.
The remainder of this chapter is structured as follows. The integrated LCA-LCCA
framework is proposed and illustrated in Section 5.2. The data collection for conducting lifecycle analysis is introduced in Section 5.3. A case study for comparing the effect of different
asphalt overlay policies on life-cycle economic costs and environmental impact is provided in
Section 5.4. Finally, Section 5.5 summarizes the major findings and provides suggestions for
identifying eco-friendly or cost-effective asphalt overlay policy.
5.2 Integrated LCA-LCCA Framework
The integrated LCA-LCCA framework for asphalt overlay policies is proposed and
shown in Figure 5.1. Instead of regarding pavement overlay activities as one of pavement lifecycle phases in general LCA studies, they are evaluated as the input layer for both LCA and
LCCA. Pavement life-cycle phases was classified into material production phase, construction
phase, use phase, and end-of-life phase. In addition, criterial air pollutants, vehicle crash costs,
and traffic delay costs were added to the performance indicators of the LCA-LCCA framework.
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Figure 5.1 Integrated LCA-LCCA framework for asphalt overlay policy selection
As shown in Figure 5.1, the effect of asphalt overlay policies on environmental impacts
can be evaluated with six modules, which are illustrate as follows. Material module includes the
acquisition and processing of raw materials. Different asphalt overlay policies may change the
type and amount of materials consumed in the construction process. Since feedstock energy (the
energy stored in a material) can be harvested later during the recycling process, it is ignored in
the LCA analysis for this study. Construction module includes all construction processes.
Different asphalt overlay policies may change the type and usage of construction equipment,
construction duration, temporary traffic control, and other construction-related operations.
Transportation module accounts for transport of materials and equipment to and from the
construction site. Different asphalt overlay policies may affect the type and magnitude of
materials and equipment transported to and from construction site [115, 116]. Congestion
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module accounts for construction related traffic delay. Usage module includes the effect of postoverlay pavement roughness on extra vehicle fuel consumption. End-of-life module includes the
demolition of an existing pavement and processing of the removal materials.
5.3 Data Collection
5.3.1 SimaPro Software
SimaPro Software [117] can be applied to estimation of the energy consumption and
greenhouse gas (GHG) emissions in the material production phase.
5.3.2 PaLATE Tool
PaLATE [118] is an Excel-based tool which can be used to estimate constructional
impacts based upon user inputs of detailed overlay design, material type, and machinery
information. In addition, NONROAD2008 model [119] can be used to calculate emissions based
on provided emission factors for different types of construction equipment. A list of construction
operations and their associated environmental impacts is provided in Table 5.1.
Table 5.1 Impact inputs of required construction items
Construction

Units
3

Value

Source

6.23

SimaPro

Asphalt Milling

MJ/yd

Asphalt Milling

kg CO2 eq/yd3

0.409

SimaPro

Asphalt Paving

ton/hr

10

PaLATE

Asphalt Rolling

ton/hr

395

PaLATE

Construction Machine Operation

MJ/hr

10816

SimaPro

Construction Machine Operation

kg CO2 eq/hr

72

SimaPro

Dump Truck Transportation

MJ/(ton*mile)

5.134

SimaPro

Dump Truck Transportation

kg CO2 eq/(ton*mile)

0.321

SimaPro

5.3.3 Athena Pavement LCA
Athena pavement LCA is an LCA-based software that makes life-cycle assessment data
easily accessible to transportation engineers [120]. The life-cycle inventory (LCI) databases for
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building materials and products can be applied in the study. The fuel consumption factor and
production rate for a list of overlay-related equipment are summarized in Table 5.2.
Table 5.2 A list of equipment during overlay activity
Fuel Consumption
Equipment

Value

Unit

Production Rates
Value

Unit

Asphalt Paver

0.0620

l/tonne

1215

tonne/day

Asphalt Remixer

3.6409

l/tonne

8.30

tonne/hour

Black Topper

0.0009

2

l/m

10000

m2/hour

Cold In-Place Recycler

0.0438

l/tonne

1713

tonne/hour

Compactor

0.0237

l/tonne

2,726

tonne/day

Heating Machine

1.1307

l/tonne

8.30

tonne/hour

HMA Transfer

0.0935

l/(tonne·km)

1,215

tonne/day

Roller

0.0533

l/tonne

1,215

tonne/day

Concrete Truck

3.7854

2

l/m

60

m3/day

Dump Truck

0.2271

l/tonne

1,000

tonne/day

Water Truck

0.0114

2

l/m

20,00

m2/day

Pavement Breaker

0.1345

l/m2

1,000

m2/day

Diamond Grinder

1.0759

l/m2

125

m2/day

Milling Machine

0.4203

l/m3

40

m3/hour

5.3.4 QuickZone and MOVES
In the construction phase, traffic delay incurred by M&R activities has a significant
influence on energy consumption and pollutant emissions compared with those under normal
vehicular operation conditions, especially for heavy-traffic highways [121, 122]. The QuickZone
software [123] can be used to estimate the traffic flow, traffic delay, and queue length in the
work zone. Then, vehicle delay information (e.g., detour rate, queue length, and speed reduction)
can be coupled with fuel consumptions and vehicle emissions to evaluate the environmental
impacts. Vehicle fuel economy can be obtained from the U.S. Environmental Protection Agency
(EPA) fuel economy guide [124]. GHGs can be calculated with the fuel consumption effects
[125], based on the assumption that all passenger cars burn gasoline and trucks combust diesel.
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Other vehicle emissions are calculated at different traffic speeds using U.S. EPA’s MOVES
(Motor Vehicle Emission Simulator) 2014a software [103].
5.3.5 HDM-4 Software
The Highway Development and Management software (HDM-4) can be used to evaluate
the effects of pavement properties (e.g., IRI, mean texture depth, and deflection) on the rolling
resistance. Then, by updating the rolling resistance coefficient, the environmental impacts of use
phase can be calculated with the EPA MOVES 2014a software [103]. Based on Chatti and
Zaabar’s calibration of the HDM-4 model [9], the effect of pavement roughness on vehicle fuel
consumption under the average speed of 120 km/h is shown in Figure 5.2.

Figure 5.2 Effect of pavement roughness on vehicle fuel consumption
5.4 Case Study
5.4.1 Goal and Scope Definition
The research objective is to evaluate the environmental and economic impacts of
different overlay strategies over a 40-year analysis period in a case study. As shown in Table 5.3,
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sixteen asphalt overlay policies analyzed in this study are built upon an existing flexible
pavement originally constructed by the Florida Department of Transportation (FDOT).
Table 5.3 Design of different asphalt overlay policies
Scheme
1

Overlay Thickness
(inches)
2

Milling Operation
(1 [yes] or 0 [no])
1

30% RAP
(1 or 0)
0

2

2

1

1

3

2

0

0

4

2

0

1

5

4

1

0

6

4

1

1

7

4

0

0

8

4

0

1

9

6

1

0

10

6

1

1

11

6

0

0

12

6

0

1

13

8

1

0

14

8

1

1

15

8

0

0

16

8

0

1

The general roadway segment information, climate factors, and construction project
information for these overlay projects are summarized in Table 5.4. The functional unit is a 10km long, 3.7-m wide overlay system over the outer lane of an existing asphalt pavement. The
existing pavement structure, pavement performance, and traffic information for asphalt overlay
projects are summarized in Table 5.5. The construction schedules for these asphalt overlay
strategies are based on the post-overlay roughness progression model and the pavement
rehabilitation trigger value (IRIc = 170 inches/mile). The specific construction schedules for
different rehabilitation strategies are shown in Figure 5.3.
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Table 5.4 System definition for asphalt overlay projects
Item Description

Category

General
information

Value

Interstate highways (1-yes, 0-no)

1

Number of lanes in each traffic direction

2

Speed limit (km/h)

120

Segment length (km)

10

Main lane width (m)

3.7

Inside shoulder width (m)

1.5

Outside shoulder width (m)

2.5

Climate zone (1-wet freeze zone, 0-otherwise)
Annual average rainfall (mm)
Climate factors

Construction project
information

0
1300

Annual average freeze index (°C*days)

0

Annual average daily temperature (°C)

24

Average daily maximum temperature in July (°C)

34

Average daily minimum temperature in January (°C)

10

Average distance from plant to site (km)

100

Average distance from site to stockpile (km)

100

Average distance from equipment depot to site (km)

100

Table 5.5 Information about existing pavement structure, performance, and traffic
Category

Existing
pavement
structure

Existing
pavement
performance

Item Description
Structural course SP-12.5 thickness (inches)

4

Structural course SP-19.0 thickness (inches)

6

Lime-rock (LR) base course thickness (inches)

10

Subgrade type (1-course-grained subgrade, 0-fine-grined subgrade)

0

Subsurface drainage condition (1-good, 0-poor)

1

International roughness index (IRI)

170

Area of fatigue cracking in 10-km lane (%)

4

Average rut depth in 10-km lane (mm)

8

Annual average daily traffic (AADT) (vehicles/day)
Traffic
information

Value

17,000

Percentage of trucks in AADT (%)

12

Average truck factor: an equivalent number of 80-kN single axle load

1.3

Annual traffic growth rate (%)

0
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Figure 5.3. Construction schedule of different overlay policies
5.4.2 Integrated LCA-LCCA Model
The life-cycle environmental and economic impacts of different pavement overlay
policies are evaluated using the proposed integrated LCA-LCCA framework. Life-cycle
assessment and life-cycle cost analysis for various asphalt overlay policies are conducted and
illustrated as follows.
5.4.2.1 Life-Cycle Assessment (LCA)
The material module of a pavement LCA includes raw material acquisition and material
processing in the process of pavement overlay activities. In this study, the construction materials
include Type SP-12.5 Superpave hot mix asphalt (HMA), Type SP-19.0 Superpave HMA, and
rapid-set emulsified asphalt tack coat (RS-1) [126]. The number of layers for HMA spreading
and compression can be determined with tack coat guidelines [127]. To provide a good interface
bonding condition between pavement lifts [101], based on the tack coat guidelines, the
application rate of tack coat is set as 0.11 gallons per square yard. In material manufacturing
process, the environmental impact of 25 mm (1-in) type SP-12.5 HMA overlay, 25 mm (1-in)
type SP-19.0 HMA overlay, and 1-layer RS-1 tack coat on 10-km long, one-lane pavement is
summarized in Table 5.6.
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Table 5.6 Environmental impact of three asphalt materials
Material Type

1-in Type SP-12.5

Environmental indicator

kg CO2 eq

143,148.41

Acidification potential

kg SO2 eq

1,304.74

Human health (HH) particulate
Total primary energy

kg PM2.5 eq
kg O3 eq

86.91
12,913.70

MJ

8,651,327.50

Global warming potential

kg CO2 eq

141,394.57

Acidification potential

kg SO2 eq

1,282.31

Human health (HH) particulate
Smog potential
Total primary energy

1-layer Type RS-1

Manufacturing

Global warming potential

Smog potential

1-in Type SP-19.0

Unit

kg PM2.5 eq
kg O3 eq
MJ

85.48
12,658.15
8,462,122.11

Global warming potential

kg CO2 eq

2,675.01

Acidification potential

kg SO2 eq

22.71

kg PM2.5 eq

1.56

Human health (HH) particulate
Smog potential
Total primary energy

kg O3 eq
MJ

287.96
183,206.76

The construction module includes equipment use and energy use at the construction site.
The fuel types of all construction equipment are assumed to be diesel. The fuel consumption and
production rate of the equipment used in pavement overlay activities are summarized in Table
5.2. The transportation module accounts for transport of materials and equipment to and from the
construction site. Based on the system definition of overlay projects in Table 5.5, the average
distance from plant to site, the average distance from equipment depot to site, and the average
distance from site to stockpile are assumed to be 100 km. Then, the environmental impact due to
equipment use and transportation in the construction process of 25 mm (1-in) type SP-12.5
overlay, 25 mm (1-in) milling operation, 50 mm (2-in) milling operation is summarized in Table
5.7.
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Table 5.7 Environmental impact in construction and transportation modules
Type

1-in Overlay
Construction
Activity

1-in Milling on
Functional Unit

2-in Milling on
Functional Unit

Name

Unit

Equipment

Transport

Global Warming Potential

kg CO2 eq

335,181.4

18,832.7

Acidification Potential

kg SO2 eq

958.5

181.1

HH Particulate

kg PM2.5 eq

52.9

10.0

Smog Potential

kg O3 eq

21,815.6

5,713.9

Total Primary Energy

MJ

4,932,599.7

274,568.5

Global Warming Potential

kg CO2 eq

131,433.5

19,300.5

Acidification Potential

kg SO2 eq

1246.0

185.6

HH Particulate

kg PM2.5 eq

70.0

10.3

Smog Potential

kg O3 eq

39,877.4

5,855.9

Total Primary Energy

MJ

1,916,217.4

281,389.3

Global Warming Potential

kg CO2 eq

132,564.6

38,125.8

Acidification Potential

kg SO2 eq

1274.9

366.7

HH Particulate

kg PM2.5 eq

70.6

20.3

Smog Potential

kg O3 eq

40,220.6

11,567.5

Total Primary Energy

MJ

1,932,708.1

555,849.6

The congestion module accounts for the environmental impacts due to constructionrelated traffic congestion, traffic delay, and traffic detour. In this study, as shown in Figure 5.4,
the type of work zone is partial closure with the right lane closed, resulting in no disruption to
traffic in the opposite direction. The traffic volumes of passenger car, light-duty truck, and
heavy-duty truck account for 88%, 10%, and 2% of total traffic volume, respectively. The traffic
capacity and the average vehicle speed in the normal state are 2,200 vehicles per hour and 120
km/h, respectively. Based on Jiang’s model [128], the mean speeds during uncongested state and
congested state in partial closure work zone is 95 km/h and 50 km/h, respectively. The mean
traffic capacity in partial closure work zone is 1,537 vehicles per hour. Vehicle queues occur
when traffic flow is higher than the traffic capacity of the work zone.
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Figure 5.4 Partial closure work zone
Based on the above inputs, the vehicle delay, detour rate, and queue length in the partial
closure work zone can be estimated with QuickZone software. Once vehicle delay and
congestion due to construction activity are identified, they are coupled with fuel consumption
and vehicle emissions to quantify their environmental impacts. The vehicle fuel economy varies
when its driving state changes. The city drive cycle is used to calculate the fuel consumption
during congestion (i.e., stop-and-go driving) and detour modes. The highway drive cycle is used
to model the normal traffic flow during uncongested traffic periods. The specific fuel economy
and emission factors can be extracted from various sources [129, 130]. Based on the calculated
traffic flow difference between normal condition and construction periods, the fuel consumption
and environmental burdens are calculated with Equation (5.1).
𝑌𝑡𝑜𝑡𝑎𝑙 = 𝑉𝑀𝑇𝑞𝑢𝑒𝑢𝑒 𝑌𝑞 + 𝑉𝑀𝑇𝑤𝑜𝑟𝑘 𝑧𝑜𝑛𝑒 𝑌𝑤 + 𝑉𝑀𝑇𝑑𝑒𝑡𝑜𝑢𝑟 𝑌𝑑 − 𝑉𝑀𝑇𝑛𝑜𝑟𝑚𝑎𝑙 𝑌𝑛

(5.1)

where 𝑌𝑖 is the value of different environmental indicators, such as, fuel usage (L/mile) or
emission value (g/mile); 𝑉𝑀𝑇𝑖 is the total miles traveled by vehicles (mile); 𝑖 is a scenario index,
representing total, waiting in queue, passing through the work zone, taking detour, or operating
in normal conditions.
The usage module quantifies the environmental impacts of vehicle operations within the
analysis period. Different pavement overlay policies change vehicle fuel economy by affecting
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the pavement roughness progression. Based on the proposed post-overlay roughness progression
model in Chapter 4, the effect of different overlay policies on pavement roughness progression
over the 40-year analysis period is shown in Figure 5.5. As we can see, increasing pavement
roughness leads to more vehicle fuel consumption and pollutant emissions. The usage module of
the LCA model captures the difference of environmental impacts between driving on an overlaid
pavement and on an ideally smooth pavement (IRI = 1 m/km [63 inches/mile]).

Figure 5.5 Effect of different overlay policies on pavement roughness
The activities at the end of pavement service life can be classified into three types: (1)
removal of materials and disposal in landfills; (2) pavement in-place reuse; and (3) pavement
material recycling. Because the pavement sections are most likely to remain in place at the end
of the analysis period, a “cut-off” allocation method is used to assign no environmental impacts
to the end-of-life module for all pavement overlay policies in comparison.
5.4.2.2 Life-Cycle Cost Analysis
The LCCA procedure consists of selecting an analysis period, selecting a discount rate,
selecting a measure of economic worth, and determining monetary agency costs and user costs.
The selected analysis period is the same as the analysis period for life-cycle assessment. The
discount rate is assumed to be 3%. The present worth expressing all costs and benefits over the
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analysis period in terms of their equivalent values in the initial year of the analysis period is
selected as the measure of economic worth. Agency costs include all costs (e.g., material costs,
equipment use fee, labor costs, temporary traffic control, and mobilization cost) incurred directly
by the highway agencies over the analysis period. The residual value of the recent overlay
pavement structure at the end of the analysis period is deducted from agency costs.
The other information associated with agency cost calculation is illustrated as follows.
The temporary traffic control cost is assumed to be 1,000 $/day. The mobilization cost is
estimated as 2% of the total project cost. The equipment use fee and labor costs are included into
the unit cost of paving overlay materials. The unit cost of asphalt mixture is 400 $/tonne [11].
The unit cost of RS-1 tack coat is 650 $/tonne. The densities of asphalt mixture and tack coat are
2.460 tonne/m3 and 1.015 tonne/m3, respectively. The relationship between the unit cost of
milling operation and the milling depth can be calculated with Equation (5.2).
𝑦 = 0.0927𝑥 2 + 0.4409𝑥 + 1.8287

(5.2)

where 𝑦 is the unit cost ($) of milling operation per square yard and 𝑥 is the milling depth
(inches).
The user costs include vehicle operating costs (VOC), user delay costs and vehicle crash
costs. The vehicle operating costs are estimated as the monetary value of extra fuel consumption
of vehicle traveling on an overlaid pavement relative to that on an ideally smooth pavement.
Based on the FHWA report [131], the rates of delay cost for passenger cars, light-duty trucks,
and heavy-duty trucks are 11.58 $/veh-hr (vehicle hour), 18.54 $/veh-hr, and 22.31$ /veh-hr,
respectively. The delay cost rates are in 1996 dollars and updated to 2020 dollars in the LCCA
model using the rate of inflation. The vehicle crash costs are estimated with the increased crash
risk due to overlay construction activities. The increased crash risk costs for construction-related
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work-zone traffic and detour traffic are estimated as 0.22$/vehicle-miles-traveled (VMT) and
0.15$/VMT, respectively [132]. The durations of construction activities for different overlay
policies over analysis period are summarized in Table 5.8.
Table 5.8 Construction durations for different overlay policies
Scheme
1

Overlay
Frequency
3

Construction Duration
Per Time (days)
15

Total Construction Time
(days)
45

2

3

15

45

3

3

8

24

4

3

8

24

5

2

19

38

6

2

19

38

7

2

12

24

8

2

12

24

9

2

23

46

10

2

23

46

11

2

16

32

12

2

16

32

13

2

26

52

14

2

26

52

15

2

19

38

16

2

19

38

5.4.3 Results and Discussions
The environmental impact performance indicators include global warming potential
(GWP), acidification potential (AP), human health (HH) particulate, smog potential (SP), and
total primary energy consumption (TPE). The GWP is expressed on an equivalency basis relative
to CO2, where GWP is 1 for CO2 25 for CH4, and 298 for N2O [133]. The AP of air or water
emission is calculated on the basis of its SO2 equivalent effect. The HH particulate includes the
particulate matter of various sizes (PM10 and PM2.5). The smog potential is expressed on a mass
of equivalent O3, which is a product of interactions of volatile organic compounds (VOCs) and

102

nitrogen oxides (NOx). Since sulfur dioxide (SO2), particulate matter (PM), and nitrogen dioxide
(NO2) are criteria air pollutants (CAP), the CAP can be calculated as the sum value of AP, HH,
and SP. In addition, since feedstock energy stored in asphalt mixture can be harvested later
during the recycling process, it is not included in the total primary energy consumption. Thus,
the TPE, GWP, and CAP are three environmental impact indicators reflecting life-cycle energy
consumption, life-cycle GHG emissions, and life-cycle air pollutants of different overlay
policies.
5.4.3.1 Energy Consumption
The energy consumption in material module, construction module, transportation module,
congestion module, and usage addition module of different overlay policies is illustrated in
Figure 5.6. Life-cycle energy consumptions for 2-in, 4-in, 6-in, and 8-in asphalt overlay policies
(i.e., schemes 3, 7, 11, and 15) are 2.37×105 GJ, 2.53×105 GJ, 2.54×106 GJ, and 2.77×106 GJ,
respectively. The three major LCA modules for energy consumption are usage module,
construction module, and material module.

Figure 5.6 Life-cycle energy consumption of different overlay policies
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Relative to the conventional HMA overlay, the inclusion of 30% RAP for 2-in and 8-in
asphalt overlays reduces the life-cycle energy consumption by 1.6% and 3.7%, respectively. For
4-in asphalt overlay in the study, inclusion of 30% RAP material can reduce the total energy
consumption by 5.19×103 GJ. This is because the inclusion of 30% RAP materials does not
affect pavement roughness progression. In addition, they can reduce the use of virgin aggregates
and virgin asphalt binders in the production of HMA. In this study, the optimum overlay strategy
consuming the least amount of energy in the analysis period is 4-in milling and asphalt overlay,
and 30% RAP materials.
5.4.3.2 Greenhouse Gas Emissions
The greenhouse gas (GHG) emissions in different LCA modules for different overlay
policies are illustrated in Figure 5.7. Similar to energy consumption, the three major LCA
components for GHG emissions are also usage module, construction module, and material
module. Life-cycle GHG emissions for 2-in, 4-in, 6-in, and 8-in asphalt overlay policies are
1.63×107 kg CO2 eq, 1.73×107 kg CO2 eq, 1.75×107 kg CO2 eq, and 1.92×107 kg CO2 eq,
respectively.

Figure 5.7 Life-cycle GHG emissions of different overlay policies
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Relative to the conventional HMA overlay, the inclusion of 30% RAP for 2-in and 8-in
asphalt overlay reduces the life-cycle GHG emissions by 1.8% and 4.1%, respectively. For 4-in
asphalt overlay in the study, inclusion of 30% RAP material can reduce the total GHG emissions
by 3.93×105 kg CO2 eq. In this study, the optimum overlay strategy emitting the least amount of
greenhouse gases in the analysis period is also 4-in milling and asphalt overlay, and 30% RAP
materials.

5.4.3.3 Criteria Air Pollutants
The criteria air pollutants can harm human health and environment, and cause property
damage. The criteria air pollutants in different life-cycle stages for different overlay policies are
illustrated in Figure 5.8.

Figure 5.8 Life-cycle criteria air pollutants of different overlay policies
As can be seen, the three major LCA components for criteria air pollutants are
construction, material, and congestion. The criteria air pollutants increase monotonically with the
increase of overlay thickness. The milling operation would increase the emission of criteria air
pollutants. Conversely, the inclusion of RAP materials can benefit public health and environment
by reducing the criteria air pollutants. The optimum scheme of asphalt overlay policies for
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minimizing the criteria air pollutants over analysis period is Scheme 4 (2-in asphalt overlay, and
30% RAP).
5.4.3.4 Economic Costs
The life-cycle costs for different overlay policies are shown in Figure 5.9. The life-cycle
costs for 2-in, 4-in, 6-in, and 8-in asphalt overlay strategy are 8.11 dollars, 10.84 dollars, 11.93
dollars, and 12.94 million dollars, respectively. The two major components of life-cycle costs are
highway agency costs and usage phase vehicle operating costs.

Figure 5.9 Life-cycle costs of different overlay policies
Relative to the conventional HMA overlay, the inclusion of 30% RAP for 2-in and 8-in
asphalt overlay reduces the life-cycle costs by 5.8% and 9.3%, respectively. For the 4-in asphalt
overlay in the study, inclusion of 30% RAP material can save the total life-cycle cost by 848,500
dollars. The optimum asphalt overlay strategy with the minimum life-cycle cost is 2-in asphalt
overlay and 30% RAP.
5.4.4 Sensitivity Analysis
The results discussed above assume a baseline scenario which has no traffic volume
growth or fuel economy improvements over time. Traffic volume growth will affect a series of
factors, such as post-overlay pavement roughness progression rate, overlay schedule, total
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construction periods, vehicle miles travelled, congestion, user delay, detour traffic, and
construction-related traffic flow. In addition, due to the updated vehicle structure design and
development of fuel-saving technologies, the vehicle fuel efficiency will continue to increase
with time. Fuel economy improvements will directly decrease traffic-related energy
consumption. In recent years, several researchers have performed the sensitivity analysis on
traffic volume growth rate and fuel economy [82, 84]. However, few researchers have analyzed
the effect of traffic volume levels on life-cycle sustainability of overlay policies. In this study,
three different traffic levels (e.g., high-, medium-, and low-volume traffic) are incorporated in
the life-cycle modeling analysis. The AADT in high-volume traffic scenario, medium-volume
traffic scenario (baseline scenario), and low-volume scenario are assumed to be 87,000
vehicles/day, 17,000 vehicles/day, and 1,700 vehicles/day. The truck percentage and traffic
growth rate are assumed to be 12% and 0%, respectively.
The effect of traffic level on life-cycle energy consumption of different overlay policies
is illustrated in Figure 5.10. As can be seen, in the heavy traffic level scenario, congestion
module accounts for 2%-5% of total life-cycle energy consumption. The average ratio of use
phase energy consumption to total energy consumption for all overlay policies under the heavy
traffic, medium traffic, and low traffic are 76%, 60%, and 21%, respectively. Under the mediumand high-volume traffic, the major LCA module for life-cycle energy consumption is the usage
module in different overlay policies. While, under the low-volume traffic, material and
construction phases in overlay activities play a major role in life-cycle energy consumptions. The
optimum overlay strategy for reducing life-cycle energy consumption in the medium and heavy
traffic scenarios is 4-in milling and asphalt overlay and 30% RAP. While, under the low traffic,
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the optimum overlay strategy for reducing life-cycle energy consumption is 2-in asphalt overlay
and 30% RAP.

Figure 5.10 Effect of traffic level on life-cycle energy consumption
The effect of traffic level on life-cycle GHG emissions of different overlay policies is
shown in Figure 5.11. As can be seen, the proportion of life-cycle energy consumptions in the
usage phase of LCA decreases significantly when the traffic level changes from heavy to low.
Under a medium or heavy traffic, the major component of life-cycle GHG emissions for different
overlay policies is the usage module. While, under the low traffic, the major components of lifecycle GHG emissions are the material module and the construction module.

Figure 5.11 Effect of traffic level on life-cycle GHG emissions
The effect of traffic level on life-cycle costs of different overlay policies is shown in
Figure 5.12. As can be seen, under a heavy traffic, the critical components of overlay system life-
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cycle costs are vehicle operating costs in the use phase, user delay costs during construction
periods, and highway agency costs. While, under a low- or medium-volume traffic, highway
agency costs account for a major component of life-cycle costs for all overlay policies. The
optimum overlay strategy for reducing life-cycle costs is “2-in asphalt overlay with 30% RAP”
under all traffic conditions.

Figure 5.12 Effect of traffic level on life-cycle costs
Since the usage phase is a major component in life-cycle environmental impacts for all
overlay policies under medium or heavy traffic, a sensitivity analysis on IRI trigger value is
performed with the optimum overlay strategy. When the IRI trigger value for pavement overlay
reduces from 170 inches/mile to 120 inches/mile, the life-cycle environmental impact of the
overlay strategy (i.e., 4-in milling and asphalt overlay and 30% RAP) in the usage phase reduces
by 30%. However, the overlay frequency during the analysis period will increase if the IRI
trigger value reduces from 170 inches/mile to 120 inches/mile. Thus, the construction-related
environmental impacts and costs will also increase significantly. The optimization analysis of
IRI trigger value for overlay is necessary in the future study, especially for heavy-traffic
highways.
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5.5 Summary and Conclusions
This chapter quantifies the life-cycle environmental and economic effects of different
overlay policies using an integrated LCA-LCCA approach. Based on the discussion of results,
the major findings are summarized as follows. Pavement surface roughness effects, construction
activity, and material production are the greatest contributors to life-cycle energy consumption
and greenhouse gas emissions for asphalt overlay projects. The usage-phase vehicle operating
costs and agency costs are two major components of life-cycle costs for asphalt overlay projects.
Based on the sustainability goal of life-cycle energy consumption and GHG emissions,
the optimum overlay strategy for the case study is 4-in milling and asphalt overlay with 30%
RAP. While, based on the sustainability goal of life-cycle criteria air pollutants and costs, the
optimum overlay strategy is 2-in asphalt overlay with 30% RAP.
Under a medium or heavy traffic, the major LCA module for life-cycle environmental
impacts of overlay projects is the usage module. While, under a low traffic, the major LCA
modules are the material module and the construction module. Under the low traffic, the
highway agency cost is a dominant factor in life-cycle cost analysis for all overlay projects.
The optimum overlay strategy for reducing life-cycle environmental and economic
impact in heavy traffic scenario (AADT=87,000 vehicles/day) is 4-in milling and asphalt overlay
and 30% RAP. While, for low traffic scenario (AADT=1700 vehicles/day), it is 2-in asphalt
overlay and 30% RAP. In the medium traffic scenario, a trade-off analysis is needed. This
finding would provide a reference for highway agencies in conducting overlay projects.
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Chapter 6: Conclusions and Future Work

6.1 Conclusions
This study collected various asphalt overlay projects from the LTPP SPS-3, SPS-5, and
GPS-6 programs. Instead of regarding asphalt overlay design thickness as a binary indicator, the
actual asphalt overlay thickness extracted from pavement core testing data was treated as a
continuous variable in the data analysis. For addressing the endogenous overlay design issue,
experimental pavement studies and general pavement studies were combined and used in the
model development. Based on the collected data, A series of random parameters Weibull
duration models were firstly proposed to simultaneously address endogenous overlay design
issue, between-section unobserved heterogeneity issue, and data censoring issue in post-overlay
pavement distress forecast modeling. Then, a random coefficient linear regression with
autocorrelation model was proposed to simultaneously address endogenous overlay design issue,
between-section unobserved heterogeneity issue, and within-section serial correlation issue in
post-overlay roughness progression. Finally, by incorporating the proposed post-overlay
roughness model in the integrated LCA-LCCA framework, the life cycle environmental and
economic impacts of different overlay strategies are evaluated based on a case study scenario.
Based on the analysis results, the major findings are summarized as follows.
Pavement surface roughness effects, construction activity, and material production are the
greatest contributors to life-cycle energy consumption and greenhouse gas emissions for asphalt
overlay projects. The usage-phase vehicle operating costs and agency costs are two major
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components of life-cycle costs for asphalt overlay projects. Based on a sensitivity analysis,
traffic level and IRI trigger value for asphalt overlay have a significant effect on the life cycle
environmental and economic sustainability of overlaid pavements.
Endogenous asphalt overlay design and continuous asphalt overlay thickness are
validated to have a significant effect on post-overlay roughness progression and distress
initiation. Ignoring endogenous overlay design would result in an underestimation of postoverlay pavement service life. One inch increase in asphalt overlay thickness may decrease the
hazard rates of fatigue cracking initiation and severe rutting occurrence by 27% and 11%,
respectively. In addition, as-built pavement roughness and post-overlay roughness progression
rate decrease with an increase of asphalt overlay thickness.
Relative to virgin asphalt mixtures, the application of 30% RAP material in asphalt
overlays would not directly affect as-built pavement roughness or post-overlay pavement
roughness progression rate. However, it would accelerate the occurrence probability of all
pavement cracking, especially for fatigue cracking. Overall, the application of 30% RAP
material can significantly improve the environmental and economic sustainability of overlaid
pavements.
Relative to asphalt overlays with the same design, milling before overlay can provide a
smoother as-built pavement by reducing 7.08% more of pre-overlay pavement roughness. In
addition, it can significantly reduce the hazard rates of fatigue cracking and non-wheel path
longitudinal cracking by 41% and 35%, respectively.
6.2 Future Research Directions
An ideal pavement overlay strategy for a highway segment is one that maintains the
pavement condition at a high level of service but requires a low use of resources and minimum
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impact on the public users and environment. However, many of these objectives conflict with
each other. A multi-objective optimization framework is further needed for addressing
uncertainty issues in identifying the eco-friendly and cost-effective asphalt overlay strategy.
In addition, different pavement performance indicators evaluate pavement deterioration
process from different perspectives. However, they may be correlated with each other in the
pavement deterioration process. A multivariate Tobit model is needed to evaluate the progression
of multiple pavement distresses for asphalt overlay projects.
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